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240. In this study, its reliability was found to be Cronbach’s 
Alpha = 0.93 [33]. 

The Exercise Change Processes Scale (ECPS): Created by 
Marcus, Selby, Niaura, and Rossi (1992), this scale evaluates 
the impact of experiences on exercise habits. Ay and Temel 
(2015) conducted the Turkish adaptation. The measure has 
two primary processes (cognitive and behavioral) spanning ten 
subdimensions, featuring 28 items evaluated on a 5-point Likert 
scale [34]. Scores range from 28 to 140, with higher scores 
indicating a greater likelihood of behavioral change. In this 
study, its reliability was Cronbach’s Alpha = 0.932.

The Transtheoretical Model Stage of Change Identifi cation 
Form was developed by the researcher based on a literature 
review to determine the stage of change for overweight 
individuals according to the Transtheoretical Model. Based on 
the results of this form, overweight students were classifi ed 
into fi ve groups: precontemplation, contemplation, preparation, 
action, and maintenance. Participants were asked, “Are you 
currently making or planning to make any changes to your 
nutrition and physical activity behaviors?” Their responses were 
classifi ed into the following categories:

• "I am disinterested and have no intention of altering my 
dietary practices or exercise regimen in the forthcoming six 
months." (Precontemplation);

• “I am not interested at the moment, but I plan to change 
my nutrition habits and physical activity level within the next six 
months.” (Contemplation);

• “I intend to modify my nutrition habits and physical 
activity level within the next 30 days.” (Preparation).

• “Yes, I have already changed my nutrition habits and 
physical activity level, but it has been less than six months.” 
(Action)

• “Yes, I have maintained my nutrition and physical activity 
behaviors for more than six months.” (Maintenance)

Statistical analysis: The study data were examined utilizing 
SPSS version 22.0. Descriptive statistics, including mean, 
standard deviation, median, minimum, and maximum, were 
employed for continuous data, whilst categorical variables were 
represented as frequencies and percentages. The Kolmogorov-
Smirnov test was employed to evaluate normality, affi rming 
a normal distribution for the Nutrition and Exercise Change 
Processes Scales. Consequently, parametric tests were utilized: 
the t-test for independent group comparisons, the paired t-test 
for repeated measures, and the Chi-square test for categorical 
comparisons. The threshold for statistical signifi cance was 
established at p < 0.05. 

Results
At the commencement of the intervention, the chi-square 

test was employed to examine the sociodemographic features of 
the participants, indicating no statistically signifi cant difference 
between the groups (Table 2, see the next page). Table 2 
indicates that a predominant proportion of students in both the 
experimental (77%) and control (70.4%) groups were female. 
Furthermore, over fi fty percent of the students (66.7%) reported 
that their income corresponded with their expenses. 

Before the intervention, BMI and age values were analyzed, 
showing no signifi cant differences between the experimental 

Figure 1 – Research Flowchart According to CONSORT 2010 Flow Diagram
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Table 2 Distribution of Group Characteristics at the Beginning of the Intervention (n=54)

Characteristics Variables 
Intervention (n=27) Control (n=27) Statistics

n % n % χ2 p

Gender
Female 21 77.8 19 70.4

0,386 0,379
Male 6 22.2 8 29.6

Economic Status

Income > Expenses 9 33.3 8 29.6

1,059 0,589Income = Expenses 18 66.7 18 66.7

Income < Expenses 0 0.0 1 3.7

Smoking Status
Smoker 10 37.0 11 40.7

0,078 0,500
Non-smoker 17 63.0 16 59.3

Alcohol 
Consumption

Yes 6 22.2 3 11.1
1,200 0,234

No 21 77.8 24 88.9

Weight Loss Status 
Before the Study

Yes 13 48.1 7 25.9
2,859 0,079

No 14 51.9 20 74.1

Body Satisfaction 
Status

Yes 12 44.4 15 55.6
0,667 0,293

No 15 55.6 12 44.4

Perceived Health 
Status

Yes 14 51.9 15 55.6
0,074 0,500

No 13 48.1 12 44.4

Number of Meals 
Consumed Per Day

1 meal 1 3.7 0 0.0

5,255 0,262

2 meals 10 37.0 7 25.9

3 meals 11 40.7 16 59.3

4 meals 1 3.7 3 11.1

5 meals 4 14.8 1 3.7

Average Daily 
Sleep Duration

6-8 hours 18 66.7 18 66.7

0,000 1,0008-10 hours 8 29.6 8 29.6

10-12 hours 1 3.7 1 3.7

Frequency of 
Exercise Per Week

Never exercise 5 18.5 11 40.7

7,707 0,052
Once a week 5 18.5 8 29.6

Twice a week 4 14.8 4 14.8

Three or more times 
a week 13 48.1 4 14.8

Perceived 
Adequacy of 

Physical Activity 
Level

Yes 12 44.4 8 29.6
1,271 0,199

No 15 55.6 19 70.4

Table 3 Comparison of Students’ BMI and Age Averages 
Between Groups (n=54)

Variables

 Intervention 
(n=27)

Control 
(n=27) Statistics

M±SD M±SD t p

BKİ 27,7±1,4 27,4±1,6 0,824 0,520

Age 21,0±3,7 20,8±2,2 0,266 0,791

(BMI: 27.7±1.4, age: 21.0±3.7) and control groups (BMI: 
27.4±1.6, age: 20.8±2.2) (p > 0.05, Table 3, see the next page).

Nutritional and Exercise Change Stages
Before the intervention, no significant difference was 

found between the experimental and control groups regarding 
nutritional and exercise change stages based on the TTM (p > 
0.05, Table 3). In the experimental group, most students were 
in the preparation stage (n=19), while in the control group, the 
majority were also in preparation (n=20). After the intervention, 
a significant difference emerged (p = 0.001), with 20 students in 

M – Mean, n – Number, SD – Standard Deviation, t – Independent 
Samples t-test

χ2 – Chi-Square Analysis, % – Percent, n – Number.
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the experimental group progressing to the action stage, whereas 
the control group showed minimal change (Table 3).

Students’ Nutritional Change Processes
Figure 2 presents the within-group comparison of the NCPS 

total and subscale mean scores before and after the intervention. 
In the experimental group, the mean score demonstrated a 
statistically signifi cant increase from 108.5±30.1 to 133.4±36.8 
(t=3.821, p<0.001). In the control group, the comparison of 
scores before and after the intervention revealed no statistically 
signifi cant increase (107.0±27.4 to 108.8±31, t=-0.801, p>0.05). 

Students’ Exercise Change Processes
Figure 3 shows the within-group comparison of ECPS 

total and subscale mean scores pre- and post-intervention. In the 

experimental group, the mean score increased signifi cantly from 
93.6±17.3 to 109.3±17.8 (t=-5.662, p=0.001). In the control 
group, the comparison of scores before and after the intervention 
revealed no statistically signifi cant increase (88.7±25.2 to 
91.6±25.6, t=-2.016, p=0.054).

Discussion
In this study, the TTM was used as a guide to help 

individuals adopt healthy eating and regular physical activity 
behaviors. According to TTM, behavior change occurs through 
specifi c stages, and the stage an individual is in refl ects their 
intention and motivation toward change [35]. In our study, when 
the pre- and post-intervention nutritional and exercise change 
stages of students in the experimental group were compared, 

Figure 2 – Comparison of the Mean Scores of the Nutrition Change Processes Scale Between Groups Before and After 
the Intervention

Figure 3 – Comparison of the Mean Scores of the Exercise Change Processes Scale Between Groups Before and After 
the Intervention
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increasing the feasibility of the intervention. Online health 
education has gained importance, especially in the post-
pandemic period, due to its potential to reach large audiences, 
flexible scheduling, and individual follow-up advantages [39]. 
However, some studies have also highlighted the disadvantages 
of online education. For example, the possibility of participants 
losing motivation, lack of direct interaction, and varying levels 
of commitment among students are among the limitations of this 
method [40].

Conclusion
The study population was limited to students at a private 

university in Turkey. Therefore, the results can only be 
generalized to this specific group and cannot be applied to the 
entire population. It is recommended to use the Transtheoretical 
Model (TTM)-based health education in behavior change 
interventions. We suggest conducting further studies with larger 
sample sizes and longer durations to explore this topic in more 
depth. Since students from all academic years were included, 
differences in educational exposure could not be fully controlled 
and are therefore noted as a potential limitation.

It may be beneficial to develop practical strategies based 
on participants’ economic, cultural, and social environments 
to support sustainable behavior change. The intervention in 
this study lasted one month; thus, longer follow-up periods (at 
least 3-6 months) are recommended to assess the sustainability 
of behavior changes. Additionally, studies comparing online 
education with face-to-face education can provide a better 
understanding of the effectiveness of this method.

Author Contributions: Conceptualization, C. Y.; 
methodology, C. Y.; formal analysis, C. Y.; investigation, C. Y.; 
resources, C. Y.; data curation, C. Y.; writing – original draft 

it was found that before the intervention, 14.8% of students 
were in the contemplation stage and 7.4% in the action stage, 
whereas after the intervention, these rates changed to 0% and 
74.1%, respectively. Additionally, the fact that the education 
program lasted only one month suggests that TTM-based health 
education was effective in accelerating students’ transition to 
healthy lifestyle behaviors in a short period.

Recent research indicates that TTM is an effective 
approach in promoting healthy eating and physical activity 
habits. Gereklioglu et al. (2024) found that a TTM-based 
intervention significantly increased Exercise Change Process 
Scale (ECPS) scores in their study on adults. Similarly, Abdoli 
et al. (2025) reported that TTM-based interventions were 
effective in increasing physical activity levels among female 
university students. These findings support the results of our 
study [26, 27, 36-38]. TTM is considered an easily applicable 
and effective guide for helping students develop healthy eating 
and exercise habits. One of the most significant advantages of 
the model is that it evaluates the change process in stages and 
includes interventions specific to each stage. For instance, while 
strategies to increase awareness are applied in the contemplation 
stage, motivational support techniques are used in the action 
stage. This flexible structure makes TTM more applicable than 
other behavior change theories.

However, for TTM-based education to be effective, 
individuals must be adequately supported according to their 
change processes. If an individual does not receive the necessary 
psychosocial and environmental support, behavior change may 
not be sustainable. Particularly due to a lack of motivation 
or external factors, individuals may revert to their previous 
habits. Therefore, identifying the stage individuals are in and 
applying appropriate education strategies tailored to each  
stage is crucial.

In this study, TTM-based health education was provided 
online and individually, which can be considered a factor 

Table 4 Comparison of Nutrition and Exercise Change Stages Between Groups (n=54)

Nutrition and Exercise     

  Stages of Change

Intervention (n=27) Control (n=27)
Statistics

n % n %

Before Intervention

Precontemplation 0 %0 1 %3,7

χ2=3,026    
  p=0,554

Contemplation 4 %14,8 1 %3,7

Preparation 19 %70,4 20 %74,1

Action 2 %7,4 3 %11,1

Maintenance 2 %7,4 2 %7,4

After Intervention

Precontemplation 0 %0 1 %3,7

χ2=28,836     
p=0,001*

Contemplation 0 %0 4 %14,8

Preparation 4 %14,8 18 %66,7

Action 20 %74,1 2 %7,4

Maintenance 3 %11,1 2 %7,4

χ2 – Chi-Square Analysis, % – Percent, n – Number.
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ABSTRACT
Background: Data from studies evaluating lung functions in individuals 

exposed to fumes generated during the preparation of roasted food items is 
lacking in the Nigerian setting. We aimed to evaluate the ventilatory functions 
of participants with direct exposure to smoke from roasted food and compared 
the findings with their counterparts (controls).

Methods: We conducted a cross-sectional comparative study involving 
food vendors (cases) of smoked food and workers (controls) operating in the 
same vicinity but not directly exposed to the smoke. A spirometer was used 
to measure the forced expiratory volume in one second (FEV1), forced vital 
capacity (FVC) and peak expiratory flow rate (PEFR). Thereafter, the percentage 
predicted FEV1, FVC, and FEV1/FVC indices were used to determine ventilatory 
impairment in both cases and controls.

Results: A total of 600 participants were enrolled, of which half (50.0%) 
were cases while the remaining 50.0% were in the control group. Respiratory 
symptoms such as coughing and wheezing, and the duration of presentation 
were higher in cases compared with the controls, with a statistically significant 
difference; p = 0.003, p = 0.001 and p = 0.011, respectively. In addition, impaired 
ventilatory functions were significantly higher in the cases compared with the 
controls (p <0.001). Similarly, a significant proportion of the food vendors with 
≥ 5 years of exposure had obstructive and mixed patterns of lung defects and 
a lesser proportion with normal lung functions compared with those with < 5 
years of exposure (p = 0.009). Likewise, the mean FEV1 (p <0.001), FVC (p <0.001), 
and PEFR (p = 0.005) were significantly higher in controls compared with cases.

Conclusion: The direct exposure of food vendors to smoke may impair 
lung function. Driving awareness of this occupational hazard is very crucial as it 
is a common source of livelihood in the Nigerian setting.

Keywords: Lung defects, Peak expiratory flow rate, biomass fuel, 
spirometer
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Introduction 
Food vendors dealing with the processing and sale 

of smoked food items are commonly encountered in the 
Nigerian setting. These edibles are readily available and 
affordable, thus making it a lucrative business. However, 
the preparation of these items presents a health risk to 

the individuals involved due to their chronic exposure to 
smoke from the charcoal/wood used in the process. In 
addition, the non-use of personal protective equipment 
like face masks, probably due to a lack of awareness, 
further increases the risks of developing impaired 
ventilation. 
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Figure 1 – A grill overlying a container with chunks of charcoal 
and wood pellets to provide heat for food processing

Fumes derived from the burning of oil are a combination 
of several toxic gases and carcinogens [1-3]. While wood smoke 
is an important source of phenols, nitrogen dioxide, sulphur 
dioxide and benzopyrenes, oil fumes generate aldehydes, 
polycyclic aromatic hydrocarbons and alkanoic compounds [4]. 
The respiratory system often suffers major consequences as it is 
the portal of entry for these pollutants [4]. This is affirmed in a 
study from southern Nigeria, which documented the occurrence 
of chronic obstructive pulmonary disease (COPD) among women 
exposed to wood smoke in Bogota and Ile-Ife, respectively [2,5]. 
Besides the increased risk of respiratory symptoms associated 
with this exposure, a decline in lung function has been reported 
in some studies [6-9]. However, none of these studies were 
targeted at individuals involved in the processing of grilled 
foodstuffs [9-11], whereas data from studies conducted in 
other climes like Asia evidently show increased frequency of 
respiratory symptoms and a decline in lung functions due to 
exposure to toxic gases from grilled food substances [12,13]. 
Our study aimed to address this public health concern in our 
environment by assessing the pattern of respiratory symptoms 
and ventilatory function amongst food vendors in the Calabar 
metropolis.

Methods 
Study setting
This study was carried out in Calabar, Cross River State, 

Nigeria. Calabar is the capital of Cross River State, in South-
South Nigeria and has an area of 406 square kilometres. It has 
a population of 371,022 according to the 2006 census [14]. 
Calabar is divided into Calabar Municipal and Calabar South 
local government areas (LGAs).  Calabar Municipal lies between 
latitude 04° 15΄ and 5° N and longitude 8° 25΄ E. It is bounded 
in the North by Odukpani LGA, in the North-East by the Great 
Kwa River and in the south, by the Calabar River and Calabar 
South LGA.

Study population
The study population comprised food vendors located in 

Calabar, regardless of their local government. Each made use of 
tables to display their food items (fish, meat, plantain, yam) and 
used a make-shift grill over a metal container containing chunks 
of charcoal and wood pellets to provide heat for food processing, 
Figure 1. 

Study design
This was a cross-sectional comparative study involving 

vendors (cases) of smoked food and workers (controls) operating 
in the same vicinity but not exposed to smoke. 

Inclusion and exclusion criteria
The inclusion criteria for both cases and controls were 1. 

Consenting food vendors, 18 years and above. 2. Food vendors 
who have been in the business for at least 1 year. Likewise, 
exclusion criteria for both cases and controls included a history 
of chronic lung diseases such as COPD, smoking and asthma 
before the study. 2. Participants below 18 years.

Study instruments 
1. CONTEC SP10 Spirometer (Contec, China, 2016), 

2. Peak flow meter, mini-Wright (England), 3. The American 
Thoracic Society and National Heart and Lung Institute-Division 
of Lung Disease Respiratory Questionnaire (ATS-DLD-78-
A)-interviewer administered [15], 4. Standard weighing scale 
(HANA weighing scale, Germany), 5. Tape measure (Inelastic), 
and 6. A Pulse Oximeter (Excelvan fingertip pulse Oximeter, 
Bio-Tek, China).

Sampling method
A total of 300 food vendors were sampled using the 

proportionate sampling method. One hundred and fifty food 
vendors were selected from Calabar South and Calabar 
municipality respectively. Calabar South has 11 wards, so the 
total number of food vendors sampled from each ward was 14 
(150 food vendors divided by 11). Each ward has an average of 6 
to 8 streets, so 2 to 3 food vendors were selected randomly from 
each street. A total of 14 food vendors per ward were selected. 
Calabar Municipality has 10 wards, so the total number of food 
vendors sampled from each ward was 15, with 2 to 3 food vendors 
selected randomly from each street in the ward. Each subject 
was recruited after a written consent was obtained. The biodata 
collected for the cases included the following parameters: age, 
height, weight, gender, and level of education. 

As in the cases, the controls were chosen using the 
proportionate sampling method. The total number of controls 
was 300 (150 controls from Calabar South and 150 controls from 
Calabar Municipal). Each control was recruited after written 
consent was obtained. The biodata collected for the controls 
included the following parameters: age, height, weight, gender, 
and level of education.

Data collection
An ATS-DLD-78-A [15] was used to collect information 

regarding the subjects’ respiratory symptoms after written 
consent had been obtained from them. The questionnaire was 
used to collect data on the socio-demographic characteristics 
of the participants (age, sex, education levels), duration of 
exposure, and presence of respiratory symptoms such as cough, 
wheezing and dyspnoea. In addition, a history of cigarette 
smoking, prior history of asthma, chronic bronchitis and use of 
personal protective equipment was also obtained. Data collection 
was primarily conducted by the lead author and assisted by two 
research assistants who were trained on how to collect data from 
the participants using the questionnaires.  The local English 
language (Pidgin) and Standard English language were used to 
get the data from the participants.

Procedure
The technique involved a maximum inspiration followed 

by a forced expiration for as long as possible into the Spirometer. 
The procedure was performed by the researcher and thoroughly 
explained to the participants, followed by a demonstration 
before engaging the participants.  The peak flow rate was 
measured using a Mini-Wright peak flow meter (England). The 
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participants were asked to inhale to full lung capacity, then 
seal their lips tightly around the mouthpiece with a nose clip 
occluding the nostrils and then exhale fast and forcefully in 
one blow into the mouthpiece. The plunger on the peak flow 
meter was noted and recorded. This was done either in groups or 
individually. Testing on each subject was done for a maximum of 
6 times. The best 3 readings were recorded and the best reading 
of the 3 was used as the subject's best. About 15-30 minutes 
was allowed for resting after each session (six trials) for subjects 
unable to provide acceptable readings after each session and for 
subjects unable to perform the test adequately, it was repeated on 
a different day. Calibration was done daily before commencing 
testing on subjects. Before this, the patient’s biodata (name, 
sex, age, height, and weight) was recorded in the Spirometer. 
The Pulse oximeter was used to measure the subject’s oxygen 
saturation. The height (in meters) was measured with an inelastic 
tape whose calibration was checked with a Stadiometer, and the 
weight (in kilogram) was measured using a standard weighing 
scale (HANA weighing scale, Germany). 

Evaluation of respiratory functions
A ventilatory function test was carried out using a 

Spirometer (CONTEC SP10, made in CHINA, 2016) by the 
researcher to evaluate for peak expiratory flow rate (PEFR), 
forced vital capacity (FVC), forced expiratory volume in one 
second (FEV1), and FEV1/FVC ratio. The FEV1 is the maximum 
volume of air in the first second of a forced expiration from a 
position of full inspiration. The FVC is the maximum volume 
of air exhaled with a maximally forced effort from a position of 
maximal inspiration. The PEFR is the maximum expiratory flow 
achieved from a maximum forced expiration starting without 
hesitation from a point of maximal lung inflation. The standard 
unit for PEFR is litres/minute. The ratio of the two figures 
(FEV1/FVC) tells us about the degree of airflow obstruction.

The prediction formulae for lung function parameters in 
females of South Eastern Nigeria [16], was used to calculate 
the predicted FEV1, FVC, and PEFR for the female subjects. 
The prediction equation for the various lung function indices in 
the female subjects were as follows: FVC = 0.145 + (1.390 x 
Height) – (0.0076 x Age) + (0.0089 x Weight), FEV1= 0.240 + 
(1.045 x Height) – (0.0055 x Age) + (0.0064 x Weight), PEFR= 
-38.80 + (210.83 x Height) + (1.650 x Age) + (0.252 x Weight).

The reference equation for the spirometric indices from a 
sample of the general adult population in Nigeria [17] was used 
to calculate the predicted FEV1, FVC and PEFR in males. The 
prediction equation for the various lung function indices in the 
male subjects was as follows: FEV1 = -0.834 + (-0.031) Age + 
0.031 (Height), 

FVC = -0.848 + (-0.034) A + 0.035 (Height), PEFR = 
-4.199 + (-0.054) A + 0.091 (Height).

The Global Initiative for Chronic Obstructive Lung 
Disease (GOLD) guidelines was used to estimate the ventilatory 
impairment in the cases and controls [18]. The percentage 
predicted FEV1, FVC and FEV1/FVC indices were used to 
determine the ventilatory impairment in both the cases and 
controls. FEV1 less than 80% of predicted or FEV1/FVC ratio 
less than 0.7 of predicted indicated an obstructive pattern. A 
proportional reduction in the FEV1 and FVC with a normal or 
increased FEV1/FVC ratio was regarded as a restrictive pattern. 
A reduction in the FEV1 and FVC and a reduced FEV1/ FVC 
ratio was regarded as a mixed pattern.

The peak expiratory flow rate for the cases and controls 
was graded into 3. Subjects with predicted PEFR greater than 
80% were grouped as Normal ventilatory function. Subjects 
with predicted PEFR between 50-80% were grouped as Mild 

ventilatory impairment. Participants with a predicted PEFR of 
less than 50% were grouped as Moderate ventilatory impairment 
and subjects with less than 30% predicted were grouped as 
severe ventilatory impairment.

Statistical analysis
Data collected was entered into an Excel spreadsheet and 

imported into Statistical Package for Social Sciences (SPSS) 
version 23.0 for cleaning and analysis. Descriptive statistics 
were presented in frequencies and percentages. The mean and 
standard deviations of continuous variables were analysed 
and compared using the student’s t-test while the relationship 
between qualitative data was assessed using the Chi-square 
test or Fisher’s Exact Test where the expected cell has a count 
less than 5. PEFR, FVC, FEV1, FEV1/FVC were measured 
and presented as mean and standard deviation. The association 
between duration of exposure with the ventilatory function 
changes among food vendors was carried out using the Student 
T-Test to assess for association between continuous variables. 
The level of significance was fixed at p-value <0.05.

Results
Socio-demographic characteristics of participants
A total of 600 individuals participated in the study. 50.0% 

(n=300) were cases (food vendors) while the remaining 50.0% 
(n=300) were in the control group. Amongst the cases, 50.0% 
(n=150) were males and amongst the controls, 61.7% (n=185) 
were males. Overall, males comprised 55.8% (n=335) of the 
participants compared with 44.2% (n=265) of females. The 
mean age in the control group was higher than that of cases, 30.8 
± 11.2 versus 27.4 ± 11.7, respectively. The predominant level 
of education across all participants was secondary school level 
of education (68.0%, n=408), Table 1.

Table 1 Socio-demographic characteristics of 
participants (N=600)

Variable Cases 
n=300

Control 
n=300

Total 
N=600

Chi-
square 

Test
p-value

Sex
Male 150 (50.0) 185 (61.7) 335 (55.8) 8.279 0.057
Female 150 (50.0) 115 (38.3) 265 (44.2)
Age group (years)
15-24 164 (54.7) 100 (33.3) 264 (44.0) 33.406 0.062
25-34 70 (23.3) 116 (38.7) 186 (31.0)

35-44 29 (9.7) 50 (16.7) 79 (13.2)

45-54 26 (8.7) 21 (7.0) 47 (7.8)
55-64 7 (2.3) 7 (2.3) 14 (2.3)
>64 4 (1.3) 6 (2.0) 10 (1.7)
Mean age 
± SD 27.4 ± 11.7 30.8 ± 11.2 29.1 ±11.6 T-Test 0.073

Highest education
None 4 (1.3) 1 (0.3) 5 (0.8) 30.767 <0.001*
Primary 54 (18.0) 60 (20.0) 114 (19.0)
Secondary 226 (75.3) 182 (60.7) 408 (68.0)
Tertiary 16 (5.3) 57 (19.0) 73 (12.2)

*=statistically significant

Comparison of the pattern and frequency of respiratory 
symptoms between cases and controls

Compared with the control group (40.7%, n=122), the 
proportion of participants who presented with cough was higher 
among the cases (52.7%, n=158) with a statistically significant 
difference (p=0.003). 
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Table 2 Comparison of pattern and frequency of 
respiratory symptoms between cases and 
controls

 Symptoms Cases 
n=300

Control 
n=300

Total 
N=600

Chi-
square 

Test
p-value

Cough

Yes 158 
(52.7)

122 
(40.7)

280 
(46.7) 9.398 0.003*

No 142 
(47.3)

178 
(59.3)

320 
(53.4)

Coughed for 3 Months

Yes 41 
(13.7) 22 (7.3) 63 

(10.5) 6.402 0.011*

No 259 
(86.3)

278 
(92.7)

537 
(89.5)

Coughing with sputum for ≥ 3 weeks

Yes 48 
(16.0)

30 
(10.0)

78 
(13.0) 4.775 0.029*

No 252 
(84.0)

270 
(90.0)

522 
(87.0)

Wheezing

Yes 75 
(25.0)

38 
(12.7)

113 
(18.8) 14.926 <0.001*

No 225 
(75.0)

262 
(87.3)

487 
(81.2)

Breathless on walking uphill

Yes 184 
(61.3)

102 
(34.0)

286 
(47.7) 44.925 <0.001*

No 116 
(38.7)

198 
(66.0)

314 
(52.3)

Breathless on walking slowly

Yes 63 
(21.0)

43 
(14.3)

106 
(17.7) 4.583 0.032*

No 237 
(79.0)

257 
(85.7)

494 
(82.3)

You stop to Breath

Yes 46 
(15.3) 21 (7.0) 67 

(11.2) 10.501 0.001*

No 254 
(84.7)

279 
(93.0)

533 
(88.8)

Table 3 Comparison of pattern of ventilatory function 
test between cases and controls

Variable Cases 
n=300

Control 
n=300

Total 
N=600

Chi-
square 

Test
p-value

PEFR

Normal 215 
(71.7)

234 
(78.0)

449 
(74.8) 3.195 0.074

Mild defect 85 
(28.3)

66 
(22.0)

151 
(25.2)

Lung defects

None 215 
(71.7)

288 
(96.0)

503 
(83.8) 67.988 <0.001*

Obstructive 48 
(16.0) 11 (3.7) 59 (9.8)

Restrictive 20 (6.7) 1 (0.3) 21 (3.5)
Mixed 17 (5.7) 0 (0.0) 17 (2.8)

Table 4 Association between the duration of exposure 
with the ventilatory function changes among 
food vendors (n=300)

Dura
tion of 
Expo
sure

None

Lung defects

Obstruc
tive

Restric
tive Mixed Total

Chi-
square 

test

P- 
Value

<5 years 109 
(76.8) 13 (9.2) 13 (9.2) 4 (4.9) 142 

(100.0) 11.634 0.009*

≥5 years 106 
(67.1) 35 (22.2) 7 (4.4) 10 

(6.3)
158 

(100.0)

*=statistically significant, PEFR: Peak expiratory flow rate

*=statistically significant

*=statistically significant

Table 5 Association between the duration of exposure 
with the ventilatory function changes among 
food vendors (n=300)

SPO2 PEFR(L/s) FEV1(L/s) FVC(L/s) FEV1/FVC

Pearson corre
lation (r) 0.024 -0.002 -0.002 -0.018

P-value  556   954   952    655
N  600   600   600    600

PEFR: Peak expiratory flow rate, FEV1: forced expiratory volume in 1 
second, FVC: Forced Vital Capacity, N=Total number of participants

Participants presenting with productive cough, a 
prolonged duration (≥ 3 weeks) of coughing, and wheezing were 
more amongst cases compared with controls and statistically 
significant with P values of 0.03, 0.011 and <0.001 respectively. 
Another clinical feature compared between the cases and 
controls was breathlessness: walking uphill, walking slowly, 
and a scenario where participants stopped breathing.  In all, a 
significantly higher proportion of cases were affected compared 
with the controls, as shown in Table 2.

Comparison of the pattern of ventilatory function 
between cases and controls 

The proportion of cases (71.7%, n=215) with normal 
ventilatory function was less than that of controls (78.0%, 
n=235), and a higher frequency of mild ventilatory defects was 
observed amongst the cases (28.3%, n=85) compared with the 
controls (22.0%, n=66). However, the difference in the PEFR 
category between cases and controls was not statistically 
significant (p=0.074). In contrast, looking at lung defects, a 
higher proportion of participants amongst the controls (96%, 
n=288) were without lung defects compared with cases (71.7%, 
n=215) and vice versa with a statistically significant difference 
(p<0.001), Table 3. 

Association between the duration of exposure and 
changes in ventilatory function among food vendors 

Among those who were exposed for less than 5 years 
(n = 142), a greater proportion had no lung defects (n = 109, 
76.8%). The remainder had varied defects including obstructive 
(9.2%, n=13), restrictive (9.2%, n=13) and mixed (4.9%, n=4) 
lung defects. In contrast, those exposed for 5 years and above 
(n=158), had a relatively smaller proportion of participants 
(n=106, 67.1%) with no lung defects. Similarly, except for 
restrictive defects (4.4%, n=7), the frequency of obstructive 
(22.2%, n=35) and mixed (6.3%, n=10) defects were higher in 
cases with ≧5 years of exposure compared with cases with < 5 
years of exposure, Table 4.

The correlation between change in oxygen saturation 
(SPO2) and ventilatory functions 

The correlation between change in oxygen saturation 
(SPO2) and ventilatory functions; FEV1, FVC and FEV1/FVC, 
was negative but however, not statistically significant (p>0.05). 
On the other hand, the correlation between oxygen saturation 
and PEFR was positive but not statistically significant (p=0.556), 
(Table 5).
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Table 6 Comparison of mean FEV1(L/s), FVC(L/s) and 
PEFR(L/s) between cases and control

Variables Case Control Total T-Test 
statistics p-value

FEV1 2.7 ± 0.6 3.1 ± 0.6 2.9 ± 0.6 7.967 <0.001*
FVC1 3.4 ± 0.7 3.7 ± 0.7 3.6 ± 0.7 5.077 <0.001*

PEFR 404.1 ± 
82.7

423.3 ± 
85.2

413.7 ± 
84.5 2.796 0.005*

*=statistically significant, PEFR: Peak expiratory flow rate, FEV1: forced 
expiratory volume in 1 second, FVC: Forced Vital Capacity

Comparison of mean FEV1(L/s), FVC(L/s) and 
PEFR(L/s) between cases and control 

The Mean PEFR was higher in the control group than in 
the cases (423.3 ± 85.2 versus 404.1 ± 82.7), and the difference 
was statistically significant (p=0.005). Likewise, the FEV1 and 
FVC were also higher among the controls than among the cases, 
and the differences were significant (p < 0.001), as shown in 
Table 6.

Discussion 
This study compared the respiratory symptoms and 

ventilatory impairment patterns amongst individuals directly 
exposed to solid biomass fuel and controls. Lung defects and 
chest symptoms were observed to be significantly common 
among the cases compared with the controls. Closely linked 
with this is the duration of exposure to solid biomass fuel, which 
showed a strong correlation with the frequency of symptoms and 
lung defects amongst the cases enrolled in this study. The most 
encountered defects and presenting symptoms amongst cases 
and controls were obstructive forms and coughing. 

Looking at sociodemographic characteristics, females 
constituted 44.2% and males constituted 55.8% while about 
75% of the total participants were below 35 years. This may 
be due to the stressful nature of the occupation, which requires 
muscular strength and endurance. A similar study by Adewole et 
al [19] from Northern Nigeria had males as the only participants, 
probably because the sale of Suya is a major occupation of the 
menfolk, whereas women in the north, for cultural and religious 
reasons, are not allowed into the occupation that exposes them 
to public glare. However, the predominance of females has been 
reported in some studies, which may be due to a variation in 
socio-cultural settings and perhaps the need to earn a living [20]. 
As per the level of education attained by participants in this 
study, the predominant level of education among both groups 
was the secondary level of education. This was different from 
an indoor study that had the majority of the participants in the 
primary level of education [21]. However, the nature of the 
occupation does not require any form of expertise; therefore, the 
level of education has no influence on the individuals involved 
in the business.

The clinical features observed amongst participants in 
this study was predominantly coughing, which is in keeping 
with findings from previous studies. Others were wheezing and 
dyspnoea, which were worse among the cases compared with the 
controls. A similar study done by Regalado et al had cough as the 
predominant feature among the cases [22]. Another study had 
chest tightness as the predominant symptom observed among 
the participants [19], and in yet another study done in the Niger 
Delta region, coughing was observed to be the predominant 
symptom among the participants [21]. From other climes, a 
Brazilian study reported an increased risk of chronic cough in 
adults exposed to biomass fuel [23], and from Brunei, cough was 

reported as the predominant respiratory symptom experienced in 
cooking vendors [13]. This corroborates the findings from our 
study, showing that exposure to smoke from solid biomass fuel 
is a risk factor for the development of respiratory symptoms in 
participants.

Regarding the impairment of ventilatory functions, besides 
the findings already narrated, the majority of the controls had 
normal PEFR when compared with the cases. The cases had a 
larger proportion of mild impairment in the PEFR when compared 
with the controls. Similarly, the mean PEFR, FEV1 and FVC 
were reduced in the cases compared with the controls. Earlier 
studies by Victor et al, Adewole et al, and Rothman et al revealed 
similar ventilatory impairment among workers exposed to smoke 
from biomass fuels, with obstructive ventilatory impairment as 
the predominant presentation [19,21,24]. Exposure to biomass 
fuel is therefore a major risk factor for the development of 
chronic obstructive ventilatory defects [9,10,22]. In addition, 
it is also associated with restrictive lung impairment (due to 
diffuse parenchymal fibrosis). This may explain the restrictive 
patterns observed in both groups. The mixed ventilatory pattern 
observed may be due to both airway broncho-constriction and 
diffuse parenchymal changes [25].

The duration of exposure was also a risk factor for increased 
respiratory symptoms and impaired ventilatory function. This 
may be due to a permanent structural change in the airways 
with subsequent persistent bronchoconstriction [26]. A larger 
proportion of cases exposed for more than 5 years had more 
ventilatory impairment when compared with cases exposed for 
less than 5 years. An obstructive ventilatory impairment was 
the predominant ventilatory defect observed. Earlier studies 
conducted in the Nigerian setting revealed similar findings 
[19,21]. Likewise, a study from Brazil reported an increased 
risk of developing chronic cough (OR 2.33, 95% CI 1.68-5.10), 
wheezing (OR 2.33, 95% CI 1.25-4.38) and dyspnoea (OR 2.59, 
95% CI 1.32-5.09) in adults exposed to biomass smoke for more 
than 5 years [23]. The PEFR values were also observed to be 
worse in subjects exposed for more than 5 years in both cases 
and the controls. Thus, prolonged exposure to wood smoke may 
suggest a more severe impairment of lung function in affected 
individuals. 

Lastly, on oxygen saturation, expectedly, the mean oxygen 
saturation was lower in the cases when compared with the 
controls. Oxygen saturation changes in an individual exposed 
to biomass fuel is usually significant in subjects with severe 
ventilatory impairment as mild and moderate impairment may 
still have normal oxygen saturation. The majority of the subjects 
in our study had a mild ventilatory impairment. This may have 
accounted for the normal oxygen saturation observed in our 
study.

Limitations
The concentration of the particulate matter in the air around 

where the food vendors operate was not measured to determine 
the effect of the different concentrations of the particulate matter 
on the respiratory symptoms and ventilatory function. It is 
possible that some areas had a higher concentration of particulate 
matter, and that may have influenced the findings we observed

Conclusion
Food vendors directly exposed to biomass fuel are at 

risk of developing impaired ventilatory function. Urgent steps 
should be taken to mitigate this through driving awareness and 
educating the public on the health hazards associated with this 
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occupational lifestyle and the adequate measures taken to prevent 
or minimize exposure. Ventilated grills can reduce the amount of 
exposure to smoke and subsequent lung impairment. In addition, 
food vendors should be encouraged to use protective devices to 
minimize the risk of respiratory diseases. Policies to encourage 
and enforce the use of protective devices should be encouraged 
among these at-risk groups of workers. Food vendors who have 
developed respiratory symptoms should be encouraged to go 
for further evaluation and treatment, and an annual spirometry 
evaluation and assessment of their respiratory status should be 
encouraged.
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ABSTRACT
Background: Pediatric status epilepticus (SE) is a neurological emergency 

associated with significant morbidity. The Status Epilepticus Pediatric Severity 
Score (STEPSS) offers rapid bedside prognostication, but its performance 
relative to machine learning (ML) models has not been well studied in resource-
limited settings.

Methods: We prospectively enrolled 100 children with SE (median age 
3.4 years; 52 % male) admitted to a tertiary center in South India (2023–2024). 
Clinical features, investigations, and outcomes were recorded. Functional 
outcome was assessed at discharge using the Pediatric Overall Performance 
Category (POPC), with unfavorable outcome defined as POPC ≥3. Prognostic 
accuracy of STEPSS and three ML models—Logistic Regression (LR), Random 
Forest (RF), and XGBoost—was evaluated using sensitivity, specificity, predictive 
values, accuracy, and area under the ROC curve (AUC).

Results: Overall, 30 % of children had unfavorable POPC outcomes. At 
presentation, 40 % had altered consciousness and 45 % had high-risk seizure 
types. STEPSS ≥3 was associated with ICU admission, mechanical ventilation, 
and poor outcome. STEPSS demonstrated good discrimination (sensitivity 79 
%, specificity 78 %, NPV 84 %, AUC 0.83). Additional predictors of poor outcome 
included low SpO₂, hyperglycemia, CT abnormalities (present in 41 % of those 
imaged), and delay to first AED EEG was performed in 53 % of patients, with 
abnormalities in 38 % .Among ML models, LR achieved performance similar to 
STEPSS (AUC 0.82), while RF (AUC 0.88) and XGBoost (AUC 0.91) outperformed 
it, with XGBoost achieving the highest accuracy (90 %) and the fewest 
misclassifications. Feature importance analysis highlighted CT abnormalities, 
treatment delay, blood glucose, and SpO₂ as dominant predictors, with STEPSS 
also contributing significantly.

Conclusion: STEPSS remains a practical and reliable bedside triage tool 
in pediatric SE, particularly in low-resource emergency settings. However, 
integrating additional clinical indicators into ensemble ML models, especially 
XGBoost, provides superior prognostic accuracy. A hybrid strategy—STEPSS 
combined with ML augmentation—offers both interpretability and precision, 
supporting early risk stratification and informed critical care decisions.

Keywords: Status epilepticus, pediatric neurology, STEPSS score, machine 
learning, outcome prediction, XGBoost, POPC score
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Introduction 
Status epilepticus (SE) is a critical pediatric neurological 

emergency characterized by seizures lasting longer than 
five minutes or recurrent episodes without full recovery of 
consciousness in between. It carries significant morbidity and 
mortality, especially when there are delays in recognition or 
treatment. Globally, pediatric SE incidence ranges from 10 to 
27 per 100,000 children annually, with higher rates reported in 
low- and middle-income countries (LMICs) due to increased 
prevalence of CNS infections, delayed access to care, and 
limited emergency infrastructure [1]. Hospital-based data from 
India have reported pediatric SE rates as high as 35 per 100,000 
per year, with mortality ranging from 3% to 11% and long-term 
neurodevelopmental impairment in 25%–40% of survivors [2].

Early identification of patients likely to experience poor 
outcomes is crucial in managing SE effectively. In this context, 
the Status Epilepticus in Pediatric Patients Severity Score 
(STEPSS) was proposed by Sidharth et al. to aid emergency 
physicians in predicting short-term functional outcomes. The 
score incorporates four easily obtainable bedside parameters: 
age under two years, altered level of consciousness, generalized 
seizure type, and a history of seizures [3]. In a prospective 
Indian cohort, STEPSS demonstrated high sensitivity (93%) and 
specificity (81%) for unfavorable outcomes using a cutoff score 
≥3. An external validation study by Soydan et al. in a Turkish 
pediatric population confirmed these findings, reporting an AUC 
of 0.917 for poor outcome prediction .

Despite its simplicity, STEPSS does not include several key 
clinical variables known to influence outcomes, such as blood 
glucose levels, oxygen saturation, serum sodium, neuroimaging 
results, and treatment latency. These additional factors have 
been associated with increased morbidity and mortality in 
pediatric SE and are particularly relevant in LMICs, where such 
complications are prevalent [4].

Machine learning (ML) has emerged as a powerful 
approach for predictive modeling in clinical care. ML techniques 
can process and integrate multidimensional data, uncovering 
complex relationships that traditional statistical models may 
overlook. In pediatric epilepsy, ML models such as random 
forest and XGBoost have been successfully used to predict 
seizure outcomes after surgery and intensive care mortality 
These models can offer improved prediction performance and 
flexibility while preserving clinical interpretability [5].

The present study was designed to evaluate the real-world 
diagnostic utility of the STEPSS score and assess whether 
the integration of additional early clinical variables using 
supervised ML models—Logistic Regression, Random Forest, 
and XGBoost—could improve prediction of adverse short-term 
outcomes, including a Pediatric Overall Performance Category 
(POPC) score ≥3, ICU admission, and need for ventilator 
support. By comparing the baseline STEPSS model to enhanced 
data-driven approaches, this study aims to bridge bedside 
decision-making with computational triage.

Methods
Study Setting and Design
This was a prospective observational study carried out at 

the Pediatric Emergency and Intensive Care Units of Vinayaka 
Mission's Kirupananda Variyar Medical College, Salem , over 
a period of two years, from January 2023 to December 2024. 
The study was designed to evaluate the clinical performance of 
the STEPSS score in pediatric status epilepticus and to assess 
whether machine learning algorithms could enhance prognostic 
accuracy. Approval for the research protocol was obtained from 
the Institutional Ethics Committee prior to patient recruitment 

(IEC Approval No. VMKVMC&H /IEC/25/024) Written 
informed consent was obtained from the guardians of all eligible 
participants.

Patient Selection
All children between the ages of one month and twelve 

years presenting with clinical features of status epilepticus 
were screened for eligibility. Status epilepticus was defined 
as a continuous seizure lasting more than five minutes or 
two or more seizures occurring without full recovery of 
consciousness in between. Neonates and children with 
progressive neurodegenerative diseases were excluded to reduce 
confounding. In total, 122 children were screened, and 100 were 
included in the final analysis after applying exclusion criteria 
and ensuring complete clinical and outcome data.

Clinical Assessment and Data Capture
A detailed clinical history was taken at admission, and all 

relevant clinical findings were documented systematically. Data 
collection focused on key demographic details, including age, 
sex, and body weight, as well as seizure-specific factors such as 
seizure type, estimated duration before arrival, and any known 
prior episodes. Vital signs including heart rate, respiratory 
rate, blood pressure, temperature, and oxygen saturation were 
recorded upon initial evaluation.

In addition to routine blood investigations, serum glucose, 
sodium, calcium, and white cell count were documented where 
available. Imaging, in the form of CT or MRI, was conducted 
selectively based on clinical judgment, particularly in children 
with focal seizures, prolonged altered consciousness, or a first 
seizure episode. EEG was performed in patients suspected 
to have non-convulsive seizures or in whom recovery of 
consciousness was delayed beyond the typical postictal period.

STEPSS Scoring and Expanded Variable Selection
Each patient’s clinical profile was evaluated using the 

STEPSS scoring system. This scoring tool considers four 
parameters: age under two years, generalized seizure type, 
altered consciousness, and a prior history of seizures. Scores 
ranged from zero to four. In addition to STEPSS components, 
supplementary variables of clinical relevance—such as oxygen 
saturation levels, time to first antiepileptic drug, abnormal CT 
findings, and metabolic derangements—were recorded to allow 
for deeper exploratory analysis. These variables were considered 
due to their known associations with poor outcomes in pediatric 
neuro-emergencies and were intended to enhance predictive 
granularity.

Outcome Measurement
Short-term neurological outcome was measured using 

the Pediatric Overall Performance Category (POPC) scale 
at discharge. The POPC ranges from 1 (normal) to 5 (severe 
disability or death). For analytical purposes, outcomes were 
dichotomized into favorable (POPC ≤2) and unfavorable (POPC 
≥3). Secondary outcome measures included ICU admission and 
the requirement for mechanical ventilation during hospital stay.

Machine Learning Model Development
To assess the potential benefits of computational modeling, 

three machine learning classifiers were developed: logistic 
regression, random forest, and extreme gradient boosting 
(XGBoost). The full dataset was cleaned, and missing entries 
were imputed using median values for continuous variables 
and mode for categorical variables. The data was divided into a 
training subset (80 patients) and a test subset (20 patients) using 
stratified sampling to preserve outcome proportions [8].
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Model training and validation were conducted using 
Python’s scikit-learn and xgboost libraries. Predictor variables 
included the STEPSS score, vital signs, seizure characteristics, 
and treatment timelines. For each model, performance metrics 
such as accuracy, precision, recall, F1 score, and the area under 
the ROC curve (AUC) were computed based on the test data. 
In addition, feature importance plots were generated for the 
XGBoost model to visualize the relative contribution of each 
variable in predicting clinical outcomes.

Statistical Approach
Statistical analysis was carried out using SPSS version 26. 

Categorical data were analyzed using Chi-square tests, while 
continuous variables were compared using Student’s t-test or 
Mann–Whitney U test based on normality assessment. The 
discriminatory power of the STEPSS score and machine learning 
models was evaluated using receiver operating characteristic 
(ROC) curves. Sensitivity, specifi city, positive predictive 
value (PPV), and negative predictive value (NPV) were also 
calculated. A p-value less than 0.05 was considered to indicate 
statistical signifi cance.

Results
Baseline Demographic, Clinical Characteristics, and 

STEPSS Score Distribution
A total of 100 children with status epilepticus (SE) were 

included in the study. The mean age at presentation was 60.3 
± 39.4 months (~5 years), with a nearly equal sex distribution 
(male: 52%; female: 48%). The average seizure duration prior 
to hospital arrival was 24.7 ± 7.8 minutes, and the mean time to 
hospital presentation was 33.3 ± 12.2 minutes, suggesting that 
many children experienced prolonged pre-hospital delays.

Comorbidities were present in 40% of patients. The most 
common were epilepsy (14%) and cerebral palsy (9%), followed 
by asthma (11%) and other chronic conditions (6%). Sixty 
percent of children had no documented comorbid illness. The 
mean BMI was 18.2 ± 3.1 kg/m², and the mean temperature at 

Table 1 Baseline Demographic, Clinical Characteristics, 
and STEPSS Score Distribution of Study 
Participants (N = 100)

Variable Value / Mean 
± SD

Frequency 
(n)

Percentage 
(%)

Demographics
Age (months) 60.3 ± 39.4 – –
Weight (kg) 16.9 ± 5.3 – –
Height (cm) 95.9 ± 17.5 – –
BMI (kg/m²) 18.2 ± 3.1 – –
Vital Signs at Presentation
Pulse (beats/min) 122.1 ± 10.2 – –
Temperature (°C) 38.0 ± 0.6 – –

Blood Pressure (mmHg)
Reported as 

text (systolic/
diastolic)

– –

Seizure Characteristics
Seizure Duration (min) 24.7 ± 7.8 – –
Time to Hospital Arrival 
(min) 33.3 ± 12.2 – –

Sex Distribution
Male – 52 52.0
Female – 48 48.0
Comorbidities
None – 60 60.0
Epilepsy – 14 14.0
Asthma – 11 11.0
Cerebral palsy – 9 9.0
Other – 6 6.0
STEPSS Components
Altered Consciousness: 
No (0) – 60 60.0

Altered Consciousness: 
Yes (1) – 40 40.0

Seizure Type: Low risk (0) – 55 55.0
Seizure Type: High risk 
(1) – 45 45.0

Age ≥2 years (0) – 75 75.0
Age <2 years (1) – 25 25.0
Previous Seizures: No (0) – 68 68.0
Previous Seizures: Yes (1) – 32 32.0
Total STEPSS Score
0 – 8 8.0
1 – 22 22.0
2 – 30 30.0
3 – 20 20.0
4 – 4 4.0

Figure 1 –  Flowchart illustrating the overall study design, 
including patient enrollment, clinical data capture, STEPSS 
scoring, integration of additional predictors, machine learning 
model development, and performance evaluation

BMI – Body Mass Index; SD – Standard Deviation; STEPSS – Status 
Epilepticus in Pediatric Patients Severity Score.



47
Journal of Clinical Medicine of Kazakhstan: 2025 Volume 22, Issue 6

admission was 38.0 ± 0.6 °C, consistent with the acute stress of 
prolonged seizure activity.

Analysis of STEPSS score components showed that:
• Altered consciousness was present in 40% of cases.
• High-risk seizure type was documented in 45%.
• Age <2 years accounted for 25%.
• Previous seizure history was reported in 32%.
The distribution of total STEPSS scores (range 0–4) 

demonstrated that intermediate and high-risk categories 
predominated. Specifi cally, score 2 (30%) and score 3 (20%) 
were most frequent, while 8% scored 0 and 4% scored 4. This 
right-skewed distribution toward higher severity scores refl ects 
the signifi cant burden of neurological risk in the study cohort.

These fi ndings highlight that the study population was 
composed predominantly of children with substantial clinical 
severity at baseline, which likely contributed to their increased 
risk of adverse neurological outcomes.

Figure 2  illustrating the distribution of STEPSS scores 
among 100 children with SE. Scores of 2 (30%) and 3 (20%) 
were most common, followed by 1 (22%), while fewer children 
scored 0 (8%) or 4 (4%). This skew toward intermediate-to-
high severity highlights the clinical relevance of STEPSS as a 
practical risk stratifi cation tool in emergency settings.

Clinical Predictors and Diagnostic Relevance
In addition to the STEPSS score, several bedside and early 

laboratory parameters were found to signifi cantly infl uence 
neurological outcomes in pediatric status epilepticus (SE). The 
present analysis examined the descriptive characteristics and 
predictive value of vital signs, metabolic markers, treatment 
delays, and neuroimaging fi ndings in relation to unfavorable 
outcomes, defi ned as a Pediatric Overall Performance Category 
(POPC) score ≥3 at discharge. These variables were selected 
based on prior literature and biological plausibility in SE 
pathophysiology.

Coeffi cients and odds ratios derived from standardized 
logistic regression. POPC ≥3 defi ned as an unfavorable 
neurological outcome.

The analysis highlights several important clinical trends. 
Vital instability, particularly hypotension and hypoxemia, was 
strongly associated with unfavorable outcomes, underscoring 
the importance of hemodynamic and respiratory support during 
acute seizure management. Metabolic abnormalities also 
contributed meaningfully: hyperglycemia increased the odds 
of poor recovery, while hyponatremia was linked to impaired 
neurological outcomes. Among all predictors, time to fi rst 
antiepileptic drug (AED) administration emerged as a critical 

modifi able factor; each minute’s delay increased the odds of 
an unfavorable outcome by more than 30%, emphasizing the 
need for rapid intervention. Finally, structural abnormalities 
on CT imaging—present in nearly one-third of patients—were 
the strongest single predictor of adverse outcomes, refl ecting 
the prognostic weight of underlying cerebral pathology. Taken 
together, these fi ndings demonstrate that pediatric SE prognosis 
is shaped not only by the STEPSS score but also by a combination 
of vital, metabolic, and structural parameters. The integration 
of such variables suggests that a STEPSS+ model, which 
incorporates easily measurable clinical predictors alongside the 
core STEPSS score, could provide superior prognostic accuracy 
and enhance early triage decisions in emergency settings.

Outcome Associations
To assess the prognostic value of the STEPSS score, we 

examined its association with key clinical outcomes, including 
unfavorable neurological status (POPC ≥3 at discharge), need 
for ICU admission, and ventilator requirement. Patients were 
stratifi ed into three risk groups based on their STEPSS scores: 

Figure 2 –  Distribution of Total STEPSS Scores

Table 2 Descriptive and Predictive Analysis of Clinical 
Parameters Associated with Unfavourable 
Outcomes (N = 100)

Para-
meter

Mean ± SD 
/ Propor-

tion
Range

Coeffi-
cient 
(β)

Odds 
Ratio 
(e^β)

Interpretation

Systolic 
Blood 
Pressure 
(mmHg)

95.3 ± 10.2 70–120 –0.25 0.78

Higher SBP 
was modestly 

protective; 
hypotension in-

creased risk.

Oxygen 
Saturation 
(SpO₂, %)

95.9 ± 2.3 88–100 –0.37 0.69

Lower saturation 
significantly 

increased risk of 
poor out-come.

Blood 
Glucose 
(mg/dL)

82.7 ± 19.4 42–143 +0.22 1.25

Hyperglycemia 
raised the odds 
of unfavorable 

outcome.

Serum 
Sodium 
(mEq/L)

133.2 ± 4.8 121–
146 –0.18 0.84

Hyponatremia 
was linked 
to worse 

neurological 
recovery

Time to 
First AED 
(min)

21.5 ± 8.3 5–39 +0.29 1.34

Each minute of 
treatment de-lay 

significantly 
increased risk.

CT Brain 
Abnor-
malities

30% 
abnormal – +0.54 1.72

Structural 
abnormalities 

strongly 
predicted poor 

out-come.

Coeffi cients and odds ratios derived from standardized logistic 
regression. POPC ≥3 defi ned as an unfavorable neurological outcome.

Table 3
Association of STEPSS Scores with POPC 
Outcome, ICU Admission, and Ventilator Use 
(N = 100)

STEPSS Score Group n Unfavorable 
POPC (≥3)

ICU 
Admission

Ventilator 
Use

0–1 (Low risk) 38 4 (10.5%) 5 (13.2%) 2 (5.3%)
2 (Intermediate risk) 25 7 (28.0%) 10 (40.0%) 5 (20.0%)
3–4 (High risk) 37 23 (62.2%) 30 (81.1%) 18 (48.6%)

POPC = Pediatric Overall Performance Category; Score ≥3 indicates 
moderate disability or worse. Groups stratifi ed to refl ect practical risk 
categories.
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low (0–1), intermediate (2), and high (3–4). Outcome patterns 
were analyzed across these strata, as summarized in Table 3 and 
illustrated in Figure 3.

A clear gradient of worsening outcomes was observed 
with rising STEPSS scores. Low-risk patients (scores 0–1)
demonstrated favorable outcomes, with only 10.5% experiencing 
unfavorable POPC and fewer than 15% requiring ICU admission 
or ventilator support. In contrast, intermediate-risk patients 
(score 2) showed a substantial increase in adverse events, 
with 28% having unfavorable neurological outcomes and 40% 
requiring ICU admission. The most pronounced risks were seen 
in the high-risk group (scores 3–4), where 62.2% had unfavorable 
neurological outcomes, more than 80% required ICU admission, 
and nearly half (48.6%) required ventilator support. These 
fi ndings underscore the strong correlation between STEPSS 
scores and escalating levels of clinical severity. The stratifi ed 
outcome analysis confi rms that the STEPSS score is a robust 

triage tool for early risk identifi cation. Higher scores not only 
predict worse neurological outcomes but also closely track with 
the likelihood of requiring intensive interventions, including 
mechanical ventilation.

Diagnostic Performance Analysis
The diagnostic performance of the Status Epilepticus 

Pediatric Severity Score (STEPSS) was assessed for predicting 
unfavorable neurological outcomes, defi ned as a POPC score ≥3 
at discharge. A cutoff of STEPSS ≥3 was chosen based on prior 
validation studies and clinical practicality.At this threshold, 
STEPSS achieved balanced sensitivity and specifi city. The 
tool correctly identifi ed 79% of children who developed poor 
outcomes (sensitivity) while correctly excluding 78% of those 
who recovered favorably (specifi city). The positive predictive 
value (PPV) was 72%, showing that most high-scoring children 
truly had poor outcomes, while the negative predictive value 

Figure 3 –  ROC Curve: STEPSS Score Predicting Unfavourable Outcome (POPC ≥3)

3A–B. Association of STEPSS Score Strata with Clinical Outcomes
(A) Percentage distribution of unfavorable neurological outcome (POPC ≥3), ICU admission, and ventilator use across STEPSS risk groups 
(0–1 = low risk, 2 = intermediate risk, 3–4 = high risk). Adverse outcomes increased stepwise with higher STEPSS scores, refl ecting strong risk 
stratifi cation.(B) Absolute patient counts for the same outcomes, illustrating the clinical burden within each STEPSS category. The high-risk 
group (scores 3–4) contributed disproportionately to ICU utilization and ventilator support. POPC = Pediatric Overall Performance Category; 
STEPSS = Status Epilepticus in Pediatric Patients Severity Score.

Figure 4 – Diagnostic Performance of STEPSS in Predicting Unfavorable Outcomes (POPC ≥3)

(A) Confusion Matrix of STEPSS at cutoff ≥3 showing classifi cation counts (TP=32, TN=47, FP=12, FN=9). (B) ROC Curve demonstrating 
excellent discriminative ability (AUC = 0.83). The red marker indicates the operating point (Sensitivity 79%, Specifi city 78%). POPC = Pediatric 
Overall Performance Category; STEPSS = Status Epilepticus in Pediatric Patients Severity Score.
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(NPV) was 84%, confi rming its reliability as a rule-out tool. 
Overall classifi cation accuracy was 78%, indicating that nearly 
4 out of 5 patients were correctly stratifi ed. The confusion matrix 
(Figure 4A) illustrates this balance, showing 32 true positives 
and 47 true negatives, alongside 12 false positives and 9 false 
negatives. This distribution highlights that STEPSS effectively 
prioritizes children at high risk while keeping misclassifi cation 
relatively low. The ROC curve (Figure 4B) further demonstrates 
the discriminative capacity of the score, yielding an area under 
the curve (AUC) of 0.83. The operating point, corresponding 
to the STEPSS ≥3 cutoff, lies close to the optimal trade-off 
between sensitivity and specifi city. Taken together, these 
fi ndings affi rm that STEPSS is a robust bedside tool for triage in 
pediatric status epilepticus. Its strong negative predictive value 
makes it particularly valuable in resource-limited emergency 
settings, where rapid decision-making is essential to prioritize 
ICU admission and ventilator support.

Diagnostic Investigations
Figure 5 illustrates the availability and diagnostic yield of 

investigations performed in children with status epilepticus (SE) 
(N = 100). Routine bedside tests—including blood glucose and 
electrolytes (sodium and calcium)—were performed in nearly 
all patients (>90 %). Abnormalities were identifi ed in 17 % for 
glucose, 15 % for sodium, and 12 % for calcium, indicating 
that while universally accessible, these parameters had modest 
diagnostic yield for contributory etiologies. By contrast, 
advanced investigations showed more limited availability but 
higher yield. CT brain was obtained in 61 % of patients, with 
clinically signifi cant abnormalities (e.g., cerebral edema, infarcts, 
hemorrhage) in 41 %. EEG, performed in 53 %, demonstrated 
abnormal epileptiform discharges in 38 %, supporting its value 
in etiological clarifi cation and prognostic assessment. MRI 
brain was the least accessible modality, performed in only 18 
% of cases, but yielded abnormalities in 39 % of those imaged, 
suggesting substantial utility when feasible. Infl ammatory 

markers (CRP/TLC) were measured in 66 % of patients, of 
whom 52 % had elevated values, refl ecting the contribution of 
systemic infl ammatory processes in acute SE. This variability 
between availability and yield highlights a key challenge in 
resource-limited pediatric neurology: time-critical management 
often proceeds without complete diagnostic information. These 
fi ndings emphasize the complementary role of structured clinical 
tools such as STEPSS and machine-learning models, which can 
support risk stratifi cation and guide decision-making even when 
advanced investigations are unavailable.

Machine Learning Model Performance and 
Comparison with STEPSS

To benchmark bedside scoring against computational 
models, we compared the performance of the Status Epilepticus 
in Pediatric Patients Severity Score (STEPSS) with three 
supervised machine learning (ML) models: Logistic Regression 
(LR), Random Forest (RF), and XGBoost.At the cutoff of 
STEPSS ≥3, the tool achieved good discrimination, with 
sensitivity 79 %, specifi city 78 %, PPV 72 %, NPV 84 %, 
accuracy 78 %, and AUC 0.83 (95 % CI 0.75–0.89). These 
values indicate that STEPSS reliably identifi ed children at risk 
of unfavorable neurological outcome, with particular strength 
as a “rule-out” tool due to its high negative predictive value. 
Among ML models, Logistic Regression performed similarly 
to STEPSS (AUC 0.82, accuracy 76 %), suggesting that linear 
algorithms capture risk patterns comparable to the clinical score. 
In contrast, Random Forest improved classifi cation, achieving 
sensitivity 85 %, NPV 89 %, and AUC 0.88. XGBoost provided 
the best overall performance, with balanced sensitivity and 
specifi city at 90 %, accuracy 90 %, and the highest discriminative 
capacity (AUC 0.91, 95 % CI 0.84–0.95). Confusion matrix 
analysis (Figure 6) highlighted the differences in error patterns. 
STEPSS misclassifi ed ~21 % of cases, with 11 false negatives 
and 10 false positives, while Logistic Regression showed similar 
misclassifi cation rates. Random Forest reduced false negatives 

Figure 5 –  Diagnostic Investigations in Pediatric SE – Availability and Abnormal Yield

Figure 5 shows availability (blue) and proportion of abnormal fi ndings (red) across investigations. While glucose and electrolytes were 
nearly universal but yielded relatively few abnormalities, advanced modalities (CT, EEG, MRI) showed higher diagnostic yield despite limited 
availability.
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to 7, and XGBoost minimized errors further, misclassifying only 
10 % of cases (7 false positives and 3 false negatives). These 
fi ndings underscore the incremental gains offered by ensemble 
learning, particularly in reducing the likelihood of missed high-
risk patients.

Feature Importance from the XGBoost Model
The XGBoost model provided insights into which 

clinical and laboratory features contributed most strongly to 
predicting unfavorable outcomes. As shown in Figure 8, the 
top predictors were CT brain abnormalities, time to fi rst AED, 

blood glucose level, and oxygen saturation (SpO2). These 
fi ndings align with known clinical drivers of poor outcomes in 
pediatric status epilepticus, refl ecting both underlying pathology 
(CT abnormalities) and modifi able factors (treatment delay, 
metabolic derangements, hypoxemia). Importantly, the STEPSS 
score itself also ranked among the most infl uential variables, 
reinforcing its clinical value even within a multivariable ML 
framework. Other contributing features included seizure 
duration, prior seizure history, age, and comorbidities such as 
epilepsy, which collectively capture baseline vulnerability and 
illness severity.

The feature importance analysis highlights how XGBoost 
relies on a combination of structural, physiological, and clinical 
variables to achieve superior predictive accuracy. Compared 
with traditional STEPSS scoring, which aggregates four 
predefi ned binary parameters, XGBoost integrates a richer set 
of features and identifi es nuanced relationships. Together with 
the confusion matrix results (Figure 6) and ROC curve analysis 
(Figure 7), these fi ndings confi rm that XGBoost outperforms both 
STEPSS and other ML models by reducing misclassifi cation, 
achieving the highest AUC (0.91), and grounding its predictions 
in clinically meaningful predictors. This suggests that ensemble 
ML models can enhance early triage precision in pediatric SE, 
while still leveraging the STEPSS score as a core clinical anchor.

Discussion 
This prospective study analyzed the clinical characteristics, 

predictors, and short-term outcomes of 100 children presenting 
with status epilepticus (SE) at a tertiary center in South India. 
The median age was 3.4 years, with a slight male predominance. 
Most children had generalized seizures, and while the mean 
seizure duration was approximately 25 minutes, a substantial 
proportion experienced episodes lasting longer than 30 
minutes. The Status Epilepticus in Pediatric Patients Severity 

Table 4
Diagnostic Performance of STEPSS and 
Machine Learning Models for Predicting 
Unfavorable Outcomes (POPC ≥3)

Model Sensiti-
vity

Specifi-
city PPV NPV Accu-

racy
AUC (95 

% CI)

Confu-
sion 

Matrix 
(TP / FP 

/ TN / 
FN)*

STEPSS 
(≥3) 79 % 78 % 72 % 84 % 78 %

0.83 
(0.75–
0.89)

24 / 10 / 
55 / 11

Logistic 
Regres-
sion

77 % 76 % 70 % 82 % 76 %
0.82 

(0.74–
0.88)

23 / 12 / 
53 / 12

Random 
Forest 85 % 82 % 78 % 89 % 83 %

0.88 
(0.81–
0.93)

26 / 10 / 
57 / 7

XGBoost 90 % 90 % 85 % 92 % 90 %
0.91 

(0.84–
0.95)

27 / 7 / 
63 / 3

*Confusion matrix values are reconstructed from reported metrics 
and prevalence of unfavorable outcome (30 %). POPC ≥3 considered 
unfavorable outcome and rounded to nearest whole number.

Figure 6–7 – Combined confusion matrices and ROC curves comparing STEPSS and machine learning models in predicting 
unfavorable outcome (POPC ≥3)

(A) Confusion matrices display true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) with both counts and 
percentages. XGBoost demonstrated the lowest misclassifi cation rates, with only 7 false positives and 3 false negatives.
(B) ROC curves for STEPSS, Logistic Regression (LR), Random Forest (RF), and XGBoost. Ensemble models outperformed STEPSS, with 
XGBoost showing the highest AUC (0.91, 95 % CI 0.84–0.95).
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Score (STEPSS) proved effective for early risk stratifi cation: 
children with STEPSS ≥3 were signifi cantly more likely to 
require intensive care, ventilatory support, and had higher rates 
of unfavorable neurological outcome on the Pediatric Overall 
Performance Category (POPC) scale. In this cohort, STEPSS 
demonstrated good diagnostic accuracy (AUC 0.83; sensitivity 
79 %; specifi city 78 %), consistent with fi ndings from prior 
Indian and international studies [7].

While STEPSS was valuable, additional bedside and 
laboratory parameters were also associated with outcome. 
Hypoxemia, hyperglycemia, delayed administration of the fi rst 
antiepileptic drug (AED), and abnormal neuroimaging were each 
predictive of poor prognosis. CT abnormalities, in particular, 
carried strong prognostic weight, refl ecting the importance of 
structural brain pathology. Simple measures such as glucose, 
sodium, and treatment timeliness enhanced risk stratifi cation, 
especially relevant where access to advanced diagnostics such 
as MRI or continuous EEG is limited. In this study, diagnostic 
availability varied: glucose and electrolytes were almost 
universally tested, EEG was performed in 53 % of patients with 
abnormalities in 38 %, and CT brain was obtained in 61 %, with 
abnormalities in 41 %. Despite limited availability, both EEG 
and CT were clinically informative when performed [8].

This imbalance between availability and diagnostic yield 
underscores real-world challenges in acute pediatric neurology. 
Although advanced investigations are valuable, their inconsistent 
access in many low- and middle-income settings highlights the 
need for alternative strategies. In this context, structured scoring 
systems such as STEPSS, augmented by machine learning (ML) 
models, are particularly useful as they rely primarily on bedside 
clinical data.

To assess whether prognostic accuracy could be improved 
beyond traditional scores, three supervised ML models were 
developed. Among these, XGBoost provided the highest 
performance (AUC 0.91; accuracy 90 %), followed by Random 
Forest (AUC 0.88), while Logistic Regression offered only 
modest improvement over STEPSS. Confusion-matrix analysis 

confi rmed that XGBoost minimized misclassifi cations by 
reducing both false positives and false negatives. Feature-
importance analysis revealed that CT abnormalities, treatment 
delay, and hyperglycemia were the strongest predictors, while 
STEPSS itself remained among the top contributors. These 
fi ndings highlight the complementary roles of clinical scoring 
and computational modeling: STEPSS provides transparency 
and bedside feasibility, whereas ensemble ML models deliver 
enhanced precision [9].

When compared with the North London Status Epilepticus 
in Childhood Surveillance Study (NLSTEPSS, 2002–2004), 
important contrasts emerge. Both cohorts showed low short-
term mortality (~3 %), but functional outcomes differed: in 
NLSTEPSS, new neurological defi cits occurred in fewer than 
15 % of survivors, whereas in our cohort 30 % had unfavorable 
POPC outcomes at discharge. This difference may refl ect a 
higher burden of CNS infections, structural pathology, and 
comorbid epilepsy in India, as well as more limited access to 
advanced diagnostics. Treatment timeliness was emphasized 
in both studies: NLSTEPSS reported that 61 % received 
prehospital therapy but seizures were terminated in only 22 
%, while in our cohort, time to fi rst AED emerged as a leading 
predictor and ranked highly in ML models. Unlike NLSTEPSS, 
which primarily described epidemiology and outcomes, this 
study advances prognostication by validating STEPSS and 
demonstrating that ensemble ML models (e.g., XGBoost) 
achieve superior accuracy using simple clinical and laboratory 
data [10,11].

Limitations
This study has limitations. It was conducted in a single 

tertiary care center with a relatively small sample size (N=100), 
which may limit generalizability and carries a risk of overfi tting 
in ML models. Outcomes were assessed only at hospital 
discharge, and thus do not refl ect longer-term neurological or 
developmental sequelae. Access to advanced diagnostics such as 

Figure 8 – Feature Importance from the XGBoost Model

Figure 8 shows the relative contribution of clinical predictors to XGBoost classifi cation. CT abnormalities, early treatment delay, metabolic 
derangements (e.g., hyperglycemia), and hypoxemia were dominant predictors. The STEPSS score retained moderate infl uence, underscoring 
its continued utility as part of a hybrid clinical–computational approach.
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Table 5 Present Study vs. Benchmarks [12,13]

Aspect Current Study (South India, 
2023–24)

NLSTEPSS – Chin et al., 2006 
[1] Chin et al., 2008 [2] Raspall-Chaure et al., 

2006 [3]

Design & Setting Prospective, single tertiary 
center

Prospective, population-based 
study across North London

Same NLSTEPSS cohort; 
treatment analysis

Systematic review of 
pediatric SE outcomes

Sample 100 children; median age 3.4 
y; 52 % male 182 children; median age 3.2 y 182 children; 206 in survival 

analysis
32 high-quality pediatric 

cohorts
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Etiology emphasized 
(febrile vs symptomatic SE)

Outcome Metric POPC at discharge 
(unfavorable = POPC ≥3)

30-day mortality and new 
neurological deficits

Prehospital treatment 
effectiveness; outcome drivers

Mortality and neurological 
sequelae

Mortality Low; most survived to 
discharge

7/206 deaths (~3 %) within 
30 days

Focused on prehospital 
treatment; mortality (~3 %) 

reported in companion study.

2.7–5.2 % short-term 
mortality

Neurological 
Sequelae 30 % unfavorable POPC New deficits <15 %; <10 % in 

neurologically normal
Determined largely by etiology 

and timeliness of care
Sequelae <15 %, mostly 
symptomatic etiologies

Key Predictors
STEPSS ≥3, hypoxemia, 

hyperglycemia, CT 
abnormality, delayed AED

Etiology and pre-existing 
impairment stronger than 

duration
Timeliness of treatment critical Etiology > seizure duration

Diagnostics
CT in 61 % (41 % abnormal), 

EEG in 53 % (38 % abnormal); 
limited access

Comprehensive diagnostics 
available

Prehospital benzodiazepines in 
61 %

Broader review; emphasizes 
etiology

Prognostic Tools STEPSS (AUC 0.83); LR (0.82); 
RF (0.88); XGBoost (0.91)

No risk score; descriptive 
outcomes

No risk score; treatment 
outcomes

No predictive models; 
aggregate outcomes
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ABSTRACT
Background: Polycystic Ovary Syndrome (PCOS) is a prevalent  

endocrine disorder affecting up to 13% of reproductive-aged females, often 
accompanied by physical, metabolic, and psychological challenges. Despite 
the demanding nature of medical education, limited research explores the 
burden of PCOS among medical students. 

Objective: To evaluate the academic, emotional, and psychosocial impact 
of PCOS on medical students across four U.S. medical schools. 

Methods: A cross-sectional survey was distributed to assigned female 
at birth medical students aged 18 and older. The questionnaire assessed 
PCOS diagnosis and treatment, academic performance, symptom burden, 
emotional well-being, and coping mechanisms. Descriptive statistics and 
Pearson correlation analyses were performed. 

Results: Of the 380 respondents (mean age 25.9), 30.3% reported a PCOS 
diagnosis—more than double the estimated global prevalence. PCOS was 
associated with academic stress (34.0%) and reduced work productivity due to 
emotional distress (70.2%). Symptom burden included menstrual irregularities, 
weight concerns, bloating, and acne. Emotional impacts were significant: 
49.3% reported feeling unattractive, 50.7% worried about infertility, and 50.7% 
experienced self-blame. While many students demonstrated resilience and 
adopted positive coping strategies, a notable proportion reported emotional 
exhaustion and giving up efforts to manage the condition. 

Conclusion: Medical students with PCOS experience significant 
emotional and academic challenges, compounded by the rigors of their 
training. The prevalence and impact of PCOS in this population highlight the 
need for targeted institutional support, improved awareness, and mental 
health resources to promote student well-being and success.

Keywords: PCOS, academic performance, medical students, mental 
health, quality of life, coping strategies
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Introduction 
Polycystic Ovary Syndrome (PCOS) is a 

prevalent endocrine disorder affecting up to 13% of 
reproductive age females worldwide [1]. Characterized 
by hyperandrogenism, ovulatory dysfunction, and 
polycystic ovarian morphology, PCOS presents a 
complex interplay of metabolic, reproductive, and 

psychological challenges [1,2]. Despite its significant 
impact on physical and mental health, research on 
PCOS remains underfunded and limited, particularly 
regarding its effects on specific subpopulations. 
While studies have examined the psychological 
and social implications of PCOS in the general 
population, there is a paucity of research investigating 
its influence on medical students—a group uniquely 

J Clin Med Kaz 2025; 22(6): 54–59
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positioned at the intersection of academic rigor and healthcare  
awareness. 

Medical students experience heightened stress levels 
due to demanding coursework, clinical responsibilities, and 
performance expectations [3]. When coupled with the symptoms 
of PCOS, such as menstrual irregularities, weight fluctuations, 
fatigue, and mental health disturbances, their academic 
performance and overall well-being may be further compromised. 
Understanding how PCOS affects future physician generations 
is crucial for identifying tailored interventions that support their 
educational and professional development. 

Emerging evidence suggests a higher prevalence of PCOS 
among medical students than the general population. One study 
reported that 15% of 231 medical students surveyed exhibited 
symptoms consistent with PCOS, indicating a potentially 
disproportionate burden within this cohort [4]. Moreover, 
qualitative interviews highlight increased stress, anxiety, and 
challenges in balancing academic responsibilities among 
students diagnosed with PCOS. Another study demonstrated 
that adolescents with PCOS features exhibit metabolic risks, 
emphasizing the disorder’s long-term health implications 
[5]. However, there is a critical gap in literature exploring 
the specific experiences of medical students with PCOS and 
the ways in which the condition influences their academic  
pursuits. 

 Our study seeks to address this gap by investigating the 
experiences of medical students diagnosed with PCOS across 
four U.S. medical schools. Through a self-administered survey 
targeting biologically assigned females (AFAB) aged 18 
and older, we aim to assess the impact of PCOS on academic 
performance, mental health, and overall quality of life. Given 
the established association between PCOS and mental health 
disorders, our research endeavors to provide data-driven insights 
that can inform institutional policies and the development of 
tailored support systems for affected students. By enhancing 
awareness and fostering institutional accommodations, we hope 
to improve the academic success and well-being of medical 
students with PCOS. Research indicates that early intervention 
in managing PCOS can significantly enhance fertility outcomes. 
A systematic review and meta-analysis concluded that first-line 
pharmacological treatments, especially when combining insulin 
sensitizers with conventional ovulation stimulants, effectively 
improve clinical pregnancy rates in women with PCOS-related 
infertility [6]. This underscores the importance of prompt 
diagnosis and tailored treatment plans for women with PCOS, 
particularly those navigating the rigorous demands of medical 
careers. 

 

Methods
Study Design and Participants 
This cross-sectional study was conducted between July 

2024 and January 2025 across four accredited U.S. medical 
schools. Participants were recruited via institutional email 
listservs, student organization announcements, and social media 
groups. Participation was voluntary, and informed consent was 
obtained electronically before the start of the survey. 

 
Survey Instrument 
Data was collected using a self-administered, anonymous 

online questionnaire specifically developed for this study. The 
questionnaire was designed following a review of existing 
instruments assessing PCOS-related quality of life, coping 

mechanisms, and academic performance, and was pilot-
evaluated on a small sample of medical students (n=10) to ensure 
clarity and relevance before broader dissemination. The survey 
included five major sections: demographics (age, ethnicity, 
academic year, and curriculum type, such as self-directed 
learning [SDL], lecture-based, or problem-based learning 
[PBL]); PCOS diagnosis and treatment (questions regarding 
clinical diagnosis and treatment modalities, including medical, 
surgical, or alternative therapies); academic performance and 
stress (assessing perceived academic satisfaction and stress 
attributed to PCOS); quality of life (measuring the frequency 
of symptoms such as headaches, bloating, menstrual cramps, 
weight concerns, excess hair growth, and acne, as well as 
general health, emotional well-being, physical function, and 
work productivity); and coping strategies (capturing the extent 
of engagement in supportive activities, lifestyle adjustments, 
denial, self-blame, or religious practices). Responses were 
collected using Likert-type scales appropriate to each section, 
typically ranging from 1 ("Always") to 5 ("Never") or using 
similar ordinal formats. 

 
Data Collection 
The survey was hosted on a secure online platform 

(Qualtrics®), and responses were collected anonymously. IP 
addresses were not stored, ensuring participant confidentiality. 
Completion of the survey took approximately 10–15 minutes. 
Data collection continued until a sample size sufficient for 
meaningful statistical analysis was achieved. 

 
Statistical Analysis 
Descriptive statistics, including means, standard 

deviations, frequencies, and percentages, were used to 
summarize demographic characteristics, prevalence of PCOS 
diagnosis, treatment patterns, academic performance, quality of 
life indicators, and coping strategies. 

Bivariate analyses, including Pearson correlation 
coefficients, were conducted to explore associations between 
PCOS status, symptom burden, academic stress, coping 
mechanisms, and emotional well-being. A significance threshold 
of p < 0.05 was used for all inferential statistics. 

All analyses were performed using IBM SPSS Statistics 
version 25.0. 

 
Ethical Considerations 
The study was approved by the Institutional Review 

Boards (IRBs) of all participating institutions. Participation 
was voluntary, and no identifying information was collected. 
Participants were informed about the study’s objectives, the 
voluntary nature of participation, and their right to withdraw at 
any time without any penalty. 

Results 
Participant Characteristics 
A total of 380 participants were included in the study, with 

a mean age of 25.90 years (SD = 2.66). Among them, 30.3% 
reported having been diagnosed with PCOS, while 69.7% 
had not. Of those diagnosed, 86.5% were receiving medical 
treatment, and 13.5% were using alternative therapies [Table 1].

Academic Performance and Stress 
Regarding academic performance, 19.0% of participants 

reported high satisfaction, 66.2% were satisfied, and 14.8% 
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reported less satisfaction. Participants followed different 
curriculum types, including self-directed learning (38.8%), 
lecture-based (15.8%), and problem-based learning (26.1%). 
Notably, 34.0% of participants reported experiencing stress 
about their academic performance being affected by PCOS, 
while 39.6% did not [Table 2]. 

Quality of Life and Symptom Burden 
PCOS symptoms affected participants’ quality of life in 

multiple ways. The most frequently reported symptoms included 
headaches (43.3% sometimes), abdominal bloating (29.8% most 
of the time, 39.3% sometimes), and menstrual cramps (28.0% 
always, 14.8% half the time). Additionally, 26.9% reported 
experiencing irregular menstrual cycles always, while 29.3% 
reported this occurring most of the time. Weight concerns were 

prevalent, with 57.8% always feeling concerned about being 
overweight and 53.3% reporting frustration in attempting to 
lose weight. Excess facial and body hair was also a concern, 
with 35.1% reporting the need for hair removal most of the time 
[Table 3]. 

Emotional and Psychological Impact 
Participants expressed significant emotional distress 

related to PCOS. Approximately 49.3% always felt unattractive 
due to their weight, body hair, or acne, while 29.0% reported 
feeling fearful of how others perceived their appearance. 
Concerns regarding future infertility were reported by 50.7% of 
participants, while 42.0% felt anxious about their PCOS half the 
time. Additionally, 51.2% never felt frightened about developing 
cancer due to PCOS [Table 3]. 

Table 1 Demographic and Clinical Characteristics of Participants (N = 380) 

Variable Mean ± SD / Range Frequency (%) 

Age (years) 25.90 ± 2.66 Most common: 25 (18.2%), 27 (17.1%), 28 
(18.4%) 

Diagnosed with PCOS   30.3%

PCOS Treatment Type   Medical: 86.5%
Alternative: 13.5%

Table 2 Academic Performance, Quality of Life, and Emotional Healt

Category Symptom Mean ± SD Most Common Response (%) 

Academic Impact 
Academic Satisfaction 1.96 ± 0.58 Satisfactory: 66.2% 

Curriculum Type 2.26 ± 1.16 SDL: 38.8% 
Stress due to PCOS 2.06 ± 0.86 No: 39.6%, Yes: 34.0% 

Quality of Life 

Headaches 4.00 ± 0.85 Sometimes: 43.3%, Never: 31.1% 
Abdominal Bloating 3.49 ± 1.12 Most of the time: 29.8% 
Menstrual Cramps 3.13 ± 1.62 Always: 28.0% 

Irregular Cycles 2.79 ± 1.55 Always: 26.9%, Most: 29.3% 

Emotional Health 

Concern about Weight 2.15 ± 1.50 Always: 57.8% 
Frustration Losing Weight 2.13 ± 1.48 Always: 53.3% 

Excess Hair Concerns (Q15) 2.73 ± 1.35 Most: 35.1% 
Acne Concerns 2.40 ± 1.59 Always: 45.1% 

Feeling Unattractive 2.30 ± 1.46 Always: 49.3% 
Infertility Concerns 1.49 ± 0.50 Always: 50.7% 

Cancer Concerns 4.01 ± 1.13 Never: 51.2% 

General Health
General Health Rating 3.21 ± 0.97 Half the time: 44.9% 
Anxiety About PCOS 3.12 ± 1.24 Half the time: 42.0% 

Table 3 Physical Function, Work Productivity, and Coping Strategies 

Category Item / Strategy Mean ± SD Most Common Response (%) 

Physical Function 
Limited in Moderate Activity (Q24) 2.67 ± 0.47 Not at all: 67.3% 

Climb Several Flights of Stairs (Q25) 2.61 ± 0.49 Not at all: 61.5% 

Productivity 
Less Work Due to Physical Demands (Q26) 1.64 ± 0.48 Yes: 35.9% 
Less Work Due to Emotional Stress (Q27) 1.30 ± 0.46 Yes: 70.2% 

Coping 

Learning to Live with PCOS (Q38) 3.10 ± 1.00 A lot: 50.7% 
Turning to Activities (Q32) 2.30 ± 1.08 None: 30.9% 

Self-Blame (Q39) 1.92 ± 0.94 A lot: 50.7% 
Use of Substances (Q34) 1.41 ± 0.70 Never: 71.2% 

Seeking Help/Advice (Q35) 2.40 ± 1.05 Medium time: 49.3% 
Gave up Dealing with PCOS (Q36) 1.57 ± 0.74 Yes: 31.7% 
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Physical Function and Work Productivity 
Regarding physical activity, 67.3% of participants 

reported no limitations in moderate activities, while 61.5% were 
able to climb several flights of stairs without difficulty. Work 
productivity was affected by physical and emotional demands, 
with 35.9% reporting accomplishing less work due to physical 
demands and 70.2% due to emotional stress. 

Coping Strategies 
Participants adopted various coping strategies to manage 

PCOS. While 50.7% reported learning to live with PCOS a lot 
of the time, 66.8% had not turned to alcohol or substances to 
cope. Instead, 28.2% engaged in activities such as exercise, 
cooking, or social media as a distraction. Seeking support from 
others was another strategy, with 49.3% doing so for at least a 
medium amount of time. However, 31.7% reported having given 
up trying to deal with PCOS, and 50.7% engaged in self-blame 
frequently [Table 3]. 

Discussion 
This study offers insights into the experiences of medical 

students diagnosed with PCOS, shedding light on how it impacts 
their academic performance, mental health, and overall quality 
of life. The demographics provide context for how we interpret 
this data. With a mean age of 25.9 years old, this cohort aligns 
with the typical age group affected by PCOS. More notably, 
30.3% of the participants reported having PCOS, significantly 
exceeding the global prevalence of approximately 11-13% 
[1-3]. This suggests a disproportionate burden among this 
population and emphasizes the need for targeted institutional  
support. 

 The symptom burden reported by students diagnosed with 
PCOS indicates a multifaceted impact on their daily well-being. 
Common complaints such as abdominal bloating, menstrual 
cramps, and irregular cycles were reported with high frequency, 
highlighting the chronic nature of PCOS symptomatology. 
Furthermore, the was significant concern about weight with 
57.8% reporting that they were always concerned and 53.3% 
reporting frustration with weight loss efforts. This aligns with 
well-documented challenges related to insulin resistance and 
metabolic dysfunction in PCOS patients [12-13]. The reports of 
physical discomfort and body image concerns related to hirsutism, 
acne, and bloating further negatively impact quality of life and 
contribute to emotional distress. Similar findings showed that 
women with PCOS have impaired health-related quality of life, 
particularly driven by symptoms related to physical appearance 
and menstrual irregularities, which frequently contribute to 
psychological distress [7]. The stress burden can impact their 
academic performance. In our study, 34% of respondents 
reported experiencing stress specifically related to concerns 
about how PCOS was impacting their academic performance, 
which has been corroborated with previous studies highlighting 
the increased academic and emotional strain experienced by 
medical students with PCOS [12-14]. 

Emotional distress was also highly prevalent among 
participants diagnosed with PCOS. Nearly half (49.3%) reported 
persistent feelings of unattractiveness related to symptoms like 
weight issues, acne, or hirsutism, which are manifestations often 
associated with hyperandrogenism [3,5]. Additionally, 50.7% 
expressed anxiety about future infertility, highlighting the 
specific reproductive concerns within this group. PCOS is one of 
the leading causes of female infertility, as irregular ovulation or 

anovulation can significantly reduce the chances of conception 
[15]. This can be particularly distressing for female physicians, 
who often face delays in family planning due to the demands 
of medical training and professional responsibilities. Given 
that many female physicians postpone family planning due to 
career demands [9], the interplay between professional goals and 
reproductive health challenges in women with PCOS deserves 
particular attention. Prior research supports that infertility-
related stress is notably elevated in women with PCOS, further 
amplifying anxiety in an already high-pressure environment like 
medical training [10,14]. 

 Regarding physical function and work productivity, more 
than two-thirds indicated no limitations with moderate activity 
related to their PCOS. However, 70.2% of participants reported 
accomplishing less work due to emotional demands. Huddleston 
et al. (2024) reported similar findings, with 51.5% of participants 
stating that PCOS interfered with their work performance, 
primarily due to symptoms of anxiety and depression. The 
disparity between physical capability and reduced productivity 
highlights how emotional health plays a critical role in academic 
and professional performance [14]. 

Finally, students reported a variety of ways they coped 
in response to their PCOS symptoms. Of note, just over half 
(50.7%) reported learning to manage and accept the condition 
over time. Most students did not turn to maladaptive behaviors 
like substance use, and many cited positive outlets such as 
hobbies or social activities like spending time with friends. 
These strategies reflect a sense of resilience and the ability to 
adapt despite ongoing challenges. However, these findings also 
showed that 31.7% of students said they had given up trying to 
manage their PCOS and 50.7% admitted blaming themselves for 
their symptoms [8-10]. These responses point to internalization 
of the stigma around PCOS and also to feelings of burnout 
that come from managing chronic conditions, while also 
managing the rigorous demands of medical training. Overall, 
this highlights a potential gap in accessible mental health 
resources tailored to students dealing with long-term health  
issues. 

 Given the high prevalence and multifaceted burden 
of PCOS among medical students, medical institutions must 
consider implementing targeted support mechanisms. These could 
include improved access to on-campus mental health services 
with providers knowledgeable about chronic health conditions 
like PCOS. Academic accommodations such as flexible 
scheduling, extensions on coursework, or medical leave policies 
should be clearly outlined and accessible to affected students. 
Institutions could also consider offering peer-support groups 
or wellness workshops specifically addressing reproductive 
and hormonal health13. Finally, training faculty and academic 
advisors to recognize and respond to the unique challenges faced 
by students with PCOS may foster a more inclusive educational 
environment [15]. Integrating such resources within medical 
education infrastructure can help mitigate the emotional and 
academic toll of PCOS, ultimately promoting student retention, 
well-being, and professional success. 

Further studies with more diverse samples and longitudinal 
follow-up would be beneficial to build on the findings. 

Conclusion 
 This study underscores the complex burden PCOS places 

on medical students, highlighting a prevalence notably higher 
than that seen in the general population. Beyond the physical 
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symptoms, many students reported significant emotional strain, 
including anxiety, concerns about fertility, and struggles with 
body image. Although most participants continued to function 
well physically and expressed general academic satisfaction, the 
emotional weight of managing a chronic condition alongside 
the pressures of medical training was evident. Some students 
demonstrated strong coping skills and resilience, but others 
described emotional exhaustion, self-blame, and a sense of 
discouragement. These findings point to a clear need for medical 
schools to offer more targeted and accessible support systems 
for students managing PCOS. 

Limitations 
The main limitation to this study is, the study relies on 

self-reported data, which introduces the potential for recall bias 
and social desirability bias, especially regarding sensitive topics 
such as body image and infertility concerns. The other limitation 
is, the cross-sectional design precludes any temporal or causal 
interpretations between PCOS and academic or emotional 
outcomes. Lastly, there is a risk of selection bias, as students 
with more severe symptoms may have been more motivated to 
respond, possibly inflating prevalence and impact estimates.
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ABSTRACT
Background: Obesity is a multifactorial, neurobehavioral, chronic disease 

associated with long-term metabolic and psychosocial health consequences, 
all of which affect the quality of life (QoL). Eating behavior is an essential and 
critical factor that is connected to both the development of obesity and its 
effect on QoL. While glucagon-like peptide-1 receptor agonists (GLP-1RAs) show 
promise for improving both weight and metabolic parameters, their effects on 
specific eating behaviors, particularly emotional eating, remain incompletely 
understood.

Objectives: This study aims to investigate the complex relationships 
between obesity, eating behaviors, and QoL in individuals with different BMI 
categories.

Methods: This cross-sectional study utilized both online and face-to-face 
surveys conducted among a cohort of Iraqi individuals with BMI higher than 
18.5 which were users and non-users of GLP-1RAs between December 2024 and 
March 2025.

Results: Participants with higher BMI demonstrated higher scores of 
emotional overeating (EOE) and hunger, while satiety responsiveness and 
slowness in eating were inversely related. Hunger scores were lower in GLP-
1RAs users with higher QoL scores, though EOE remained elevated. Behavioral 
clustering demonstrated that the fuzzy eaters’ group are associated with high 
EOE, and low satiety, while the gourmets’ group are associated with higher 
food enjoyment and slower eating.

Conclusion: Despite improving appetite regulation and QoL, GLP-1RAs 
do not completely address emotional eating. Behavioral clustering provides 
an insight to understand individual differences in obesity-related behavior 
and necessitates the need for personalized interventions. Physiologic 
and psychological dimensions of obesity must both be dealt with for the 
improvement of patient well-being.

Keywords: Obesity, eating behavior, quality of life, semaglutide,  
liraglutide.

Received: 2025-06-30. 
Accepted: 2025-09-28.

The Impact of Glucagon-like 
Peptide-1 Receptor Agonists on 
Obese Individuals’ Quality of Life 
and Eating Behaviors
Aya S. Aldewachi1, Mohammed I. Aladul1

¹Department of Clinical Pharmacy, College of Pharmacy, University of Mosul, Ninevah, Iraq

Corresponding author: 
Mohammed I. Aladul.
Email: m.i.m.aladul@uomosul.edu.iq. 
ORCID: 0000-0002-7368-3469.

Introduction 
The World Obesity Federation defines obesity as 

“a multifactorial, neurobehavioral, chronic progressive, 
relapsing, and treatable disease, leading to adverse 
metabolic, biomechanical, and psychosocial health 
consequences” [1]. According to the World Health 
Organization (WHO), in 2022, 2.5 billion adults aged 
18 years and above were overweight, and about 16% 
of adults were obese in the same year. The prevalence 

of obesity has more than doubled between 1990 and 
2022 [2]. In Iraq, where this study was conducted, 
obesity prevalence exceeds regional averages at 26.5% 
in men and 40.1% in women [3], with recent studies 
identifying distinct eating behavior patterns like 
emotional overeating (EOE) as key drivers of weight 
gain in this population [4].

Obesity is associated with long-term health 
consequences, including type 2 diabetes, hypertension, 

J Clin Med Kaz 2025; 22(6): 60–72
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cardiovascular diseases, respiratory complications, certain 
cancers, reproductive health issues, and osteoarthritis [5]. The 
occurrence of these health problems increases with body mass 
index (BMI), regardless of age and gender [2]. In addition 
to physical problems, obesity can lead to neuropsychiatric 
conditions, including anxiety, poor self-image, sleep disorders, 
and depression, all of which affect the quality of life (QoL) of 
individuals with obesity [6].

Eating behavior is another essential and critical factor that 
is connected to both the development of obesity and its effect 
on QoL. EOE, binge eating, and poor satiety responsiveness are 
types of eating behaviors that are prevalent among individuals 
with obesity or excess body weight and are linked with increased 
caloric intake and weak dietary regulation [7]. These traits, 
particularly the "fuzzy eater" profile characterized by EOE and 
poor satiety response, recently identified in Iraqi adults [4], 
may contribute to weight gain and hinder weight management, 
thereby contributing to emotional distress and physical 
health decline [8]. In this study, the terms 'eating behavior' 
and 'appetitive trait' are used interchangeably to describe the 
cognitive, emotional, and physiological factors that influence 
how individuals interact with food. While appetitive traits often 
reflect stable, biologically influenced tendencies (e.g., satiety 
responsiveness), eating behaviors encompass both habitual and 
situational expressions of these traits.

Pharmacological interventions for obesity have emerged 
as a complementary approach to lifestyle changes. Glucagon-
like peptide-1 receptor agonists (GLP-1RAs) have demonstrated 
promising results in weight reduction. While GLP-1RAs show 
promise for improving both weight and metabolic parameters 
[9, 10], their effects on specific eating behaviors, particularly 
EOE, remain incompletely understood. Notably, Charlotte C. 
van Ruiten et al. [11] study found that EOE blunts the appetite-
suppressing effects of GLP-1RAs, suggesting these behaviors 
may persist despite treatment. This gap is especially relevant in 
Iraq, where cultural dietary practices and prevalent dysregulated 
eating patterns [4] could further modulate treatment response. 
Furthermore, the potential QoL benefits beyond weight reduction 
warrant investigation [11].

This study aims to examine the complex relationships 
between obesity, eating behaviors, and QoL in Iraqi adults across 
different BMI categories. We aim to understand how increasing 
BMI is associated with changes in QoL and shifts in eating 
behaviors, such as EOE and satiety responsiveness, with a focus 
on the "fuzzy eater" profiles observed in this population [12]. 
By comparing GLP-1RA users and non-users, we will assess the 
potential impact of these medications on appetite regulation and 
satiety, testing the hypothesis—supported by Charlotte C. van 
Ruiten et al. [11]—that EOE might influence the effectiveness 
of treatment. Additionally, we will explore whether GLP-
1RAs provide psychosocial benefits beyond physical health 
improvements, filling an important gap in obesity management 
strategies within the Iraqi context. Although the study is cross-
sectional in nature, these insights could inform future longitudinal 
research into the long-term effects of GLP-1RA treatment.

Methods
Study Design
This cross-sectional study assessed QoL and eating 

behaviors through both online and face-to-face surveys 
conducted among overweight and obese Iraqi adults, including 
users and non-users of GLP-1RAs.

Participants
The study included Iraqi adults with a BMI higher than 18.5, 

who were either users or non-users of GLP-1RAs. Participants 
were selected using a convenience sampling approach, with 
recruitment conducted in dietetics clinics, healthcare centers, 
and community pharmacies across various locations. Eligible 
participants were required to meet the following criteria: (1) 
age between 18 and 55 years, (2) BMI greater than 18.5, (3) 
availability of informed consent, and (4) ability to understand 
and complete the survey in Arabic. Exclusion criteria included 
(1) individuals with severe comorbidities (e.g., type 1 diabetes, 
severe psychiatric conditions) or (2) those not willing to 
participate in the study.

Follow-up
As a cross-sectional study, there was no follow-up 

required. Data collection was conducted between December 
2024 and March 2025, with participants completing surveys 
during a one-time visit to participating healthcare centers or via 
online platforms.

Matching
This study did not involve matched groups. However, GLP-

1RA users and non-users were compared across key outcomes. 
The two groups were not matched based on demographic factors 
(e.g., age, gender), but statistical controls were used in the 
analysis to adjust for potential confounders such as age, gender, 
and BMI.

Variables
•	 Outcomes: The primary outcomes included EOE, 

hunger, satiety responsiveness, and overall QoL, measured using 
the Arabic version of the Adult Eating Behavior Questionnaire 
(AEBQ) and the Quality of Life, Obesity, and Dietetics 
(QOLOD) scale.

•	 Exposures: The exposure of interest was the use of 
GLP-1RAs (liraglutide, semaglutide, or tirzepatide).

•	 Predictors: BMI category (normal weight, overweight, 
obese class I–III), gender, age, marital status, educational level, 
and occupation were considered as potential predictors of eating 
behaviors and QoL outcomes.

•	 Confounders: Potential confounders included age, 
gender, BMI, and use of other anti-obesity medications (e.g., 
Orlistat or herbal products).

•	 Effect Modifiers: Gender and educational level were 
examined as potential effect modifiers, as these factors may 
influence eating behaviors and QoL differently.

Data Sources/Measurement
•	 Data sources: Data were collected through surveys 

administered online via Microsoft Forms and in-person at 
healthcare facilities. The AEBQ was used to assess eating 
behaviors such as EOE, food enjoyment, and hunger. The 
QOLOD scale was used to measure QoL.

•	 Assessment Methods: The AEBQ is a validated 27-
item questionnaire assessing six subscales (hunger, EOE, food 
enjoyment, satiety responsiveness, food fussiness, and slowness 
in eating). QoL was assessed using the QOLOD scale, which 
evaluates physical impact, psychosocial impact, and diet 
experience in obese populations.

•	 Comparability: The methods of assessment (AEBQ and 
QOLOD) were consistently applied to both GLP-1RA users and 
non-users to ensure comparability of the data.
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Bias
Efforts to minimize bias included:
1.	 Randomization of participants to the online or in-

person survey method to reduce selection bias.
2.	 Use of validated and reliable instruments (AEBQ and 

QOLOD) to minimize measurement bias.
3.	 Anonymization of survey responses to reduce social 

desirability bias.
However, the potential for recall bias exists, particularly 

with self-reported measures of eating behavior and QoL.

Sample Size
The sample size was calculated to ensure sufficient 

power for detecting differences in eating behaviors and QoL 
between GLP-1RA users and non-users. Based on prior studies, 
an expected moderate effect size (Cohen’s d = 0.5) and a 
significance level of 0.05, a minimum of 300 participants per 
group (users and non-users) was needed to achieve 80% power. 
A total of 994 participants were included in the study, which 
provided ample statistical power for the analysis.

Recruitment
Recruitment employed a dual approach: trained researchers 

conducted in-person interviews at healthcare facilities, while 
electronic participation was facilitated through QR codes posted 
in these locations and distributed via social media platforms, 
including WhatsApp and closed Facebook groups.

Participants were categorized into two distinct groups 
for comparison: non-users of GLP-1RAs and active users who 
had been taking specific medications (liraglutide/Saxenda®, 
semaglutide/Ozempic®, or tirzepatide/Mounjaro®) for weight 
management for at least four weeks prior to participation. 
The sampling strategy intentionally sought diversity across 
demographic factors. All participants provided both written 
and verbal informed consent after receiving complete study 
information, with no incentives offered for participation.

Instruments
The comprehensive survey instrument incorporated three 

key domains. The first section gathered essential demographic 
characteristics, including but not limited to age, weight, 
height, and other relevant variables. For the critical behavioral 
assessment, the research team administered the validated Arabic 
version of the AEBQ [12], which has demonstrated reliability 
in Arabic-speaking populations. This 27-item instrument 
thoroughly evaluates six core subscales through a 5-point Likert 
scale ranging from "strongly agree" to "strongly disagree": 
hunger, EOE, food enjoyment, satiety responsiveness, food 
fussiness, and slowness in eating.

QoL measurement utilized the Arabic version of the 
QOLOD rating scale [13], previously validated specifically for 
obese populations in Iraq. This sensitive 25-item tool captures 
three crucial dimensions: physical impact, psychosocial impact, 
and diet experience.

The research team implemented rigorous privacy 
protections throughout the study—questionnaires contained no 
personally identifiable questions, all responses were anonymized 
immediately upon collection, assigned unique codes, and 
stored securely with restricted access to ensure complete  
confidentiality.

Data Collection
For electronic data collection, the team used the Microsoft 

Forms platform to host the survey. The digital version was 

distributed through multiple channels: direct links shared in 
targeted social media groups and QR codes physically posted 
in participating healthcare locations. Several collaborating 
dietitians assisted with recruitment by distributing informational 
cards containing the survey QR code to their eligible patients. 
Face-to-face administration followed standardized protocols, 
with trained researchers conducting interviews at selected 
healthcare sites. Participants typically completed the survey 
within 10-15 minutes. The data collection period extended 
from December 1, 2024, to March 30, 2025, to ensure adequate 
sample representation across seasons.

Statistical Analysis
The response data were retrieved and analyzed by the 

authors on April 6, 2025. The statistical analysis employed R 
software version 4.3 for all computations. Initial descriptive 
analyses included the calculation of means, standard deviations, 
medians, interquartile ranges (IQR), frequencies, and 
percentages to characterize both demographic variables and 
scores on the eating behavior scales. The research team used 
the Elbow method to objectively determine the optimal number 
of clusters for analyzing the six-food approach and avoidance 
traits, which clearly indicated a two-cluster solution. They then 
performed K-means cluster analysis to divide participants into 
homogeneous behavioral groups based on their patterns of 
scores across all appetite-related traits.

Given that Shapiro-Wilk tests confirmed non-normal 
distribution for most continuous outcome variables (including 
total scores from both the AEBQ and QOLOD subscales), 
the team appropriately selected non-parametric statistical 
methods for inferential analyses. The Mann-Whitney U test 
compared differences between two independent groups, 
while the Kruskal-Wallis test extended this to multiple group 
comparisons. To examine relationships between variables, the 
analysis incorporated both Spearman's correlation coefficients 
and multiple linear regression models that controlled for 
potential confounding factors. Throughout all analyses, the team 
maintained a consistent significance threshold of p < 0.05 for 
determining statistically meaningful results.

Ethical Considerations
The study protocol received full approval from the 

Pharmaceutical Research Ethics Committee at the College of 
Pharmacy, University of Mosul, Iraq, before the commencement 
of data collection (PREC-24-25-4-1 in 2nd Sep 2024).

Results 
The study included a total of 994 participants, with a 

median age of 31 years (interquartile range [IQR] = 27–35), 
ranging from 18 to 55 years. The majority of participants were 
female (845; 85%), married (792; 79.7%), employed (561; 
56.4%), and had attained university-level education (686; 69%). 
Median BMI was 28.65 kg/m² (IQR = 25.0–35.0), median 
height was 163 cm (IQR = 158–170), and median weight was 
75.25 kg (IQR = 63–88). Participants were classified into five 
BMI categories: normal weight (n = 239; 24%), overweight (n 
= 340; 34.2%), obese class I (n = 223; 22.4%), obese class II 
(n = 122; 12.3%), and obese class III (n = 70; 7%). Of these, 
257 (25.9%) were current users of GLP-1RAs, with Ozempic® 
(n = 107; 41.6%), Saxenda® (n = 99; 38.5%), and Mounjaro® 
(n = 51; 19.8%) being the most frequently used agents  
(Tables 1 and 2).
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Table 3
Appetitive traits score using adult eating behavior questionnaire (AEBQ) and quality of life 
measures using QOLOD

Variable Mean SD Median IQR 
(Q1–Q3) Min Max

SHAPIRO-
WILK

SIG. (P)

Appetitive traits

Enjoyment of food 20.57 3.26 20.00 [18–23] 10.0 28.0 0.0112

Emotional overeating 14.71 5.79 14.00 [12–18] 5.0 25.0 0.000

Food fussiness 12.29 2.26 12.00 [11–14] 5.0 20.0 0.000

Hunger 12.03 3.05 12.00 [10–14] 4.0 20.0 0.000

Slowness in eating 11.07 3.65 11.00 [9–13] 4.0 20.0 0.000

Satiety responsiveness 12.51 3.23 12.00 [9–13] 4.0 20.0 0.000

Quality of life

Physical impact 34.07 9.26 34.00 [28–36] 11.0 55.0 0.000

Psycho-social impact 29.55 8.75 29.00 [22–33] 9.0 45.0 0.000

Diet experience 14.59 4.45 13.00 [11–16] 5.0 25.0 0.000

Total QOLOD score 67.93 17.85 79.5 [65-92] 25.0 113.0 0.358

AEBQ = Adult Eating Behavior Questionnaire, QOLOD = Quality of Life, Obesity and Dietetics, SD = Standard Deviation, IQR = Interquartile 
Range, Min = Minimum, Max = Maximum. Data are presented as mean ± standard deviation (SD), median, and interquartile range (IQR) for 
continuous variables. The Shapiro-Wilk test was used to assess the normality of the distribution for each variable. A p-value of < 0.05 indicates 
that the variable does not follow a normal distribution.

Appetitive Traits and Quality of Life Measures
Appetitive traits were assessed using the Arabic version 

of the Adult Eating Behavior Questionnaire (AEBQ). All AEBQ 
subscales deviated significantly from normality (all p-values < 
0.05), and are thus presented as medians and IQRs. EOE had a 
median score of 14 (IQR = 12–18), food fussiness was 12 (IQR 
= 11–14), hunger was 12 (IQR = 10–14), slowness in eating was 
11 (IQR = 9–13), satiety responsiveness was 12 (IQR = 9–13), 
and enjoyment of food was 20 (IQR = 18–23) (Table 3).

QoL was measured using the QOLOD rating scale. The 
total QOLOD score was the only variable found to be normally 
distributed (Shapiro-Wilk p = 0.358) and is reported as mean ± 
standard deviation (SD): 67.93 ± 17.85. Physical impact had a 
median score of 34 (IQR = 28–36), psycho-social impact was 29 
(IQR = 22–33), and diet experience was 13 (IQR = 11–16). These 

Table 1 Categorical demographic 
characteristics of study participants

Variable Frequency 
(%)

Gender
Male 149 (15%)

Female 845 (85%)

Obesity category

Normal weight (18.5-24.9) 239 (24%)

Overweight (25.0-29.9) 340 (34.2%)

Obese class I (30.0-34.9) 223 (22.4%)

Obese class II (35.0-39.9) 122 (12.3%)

Obese class III ≥ 40 70 (7%)

Marital status
Single 202 (20.3%)

Married 792 (79.7%)

Occupation

Student 134 (13.5%)

Employer 561 (56.4%)

Not working 299 (30.1%)

Educational level

Primary education 20 (2%)

Secondary education 120 (12.1%)

University education 686 (69%)

Postgraduate education 168 (16.9%)

Obesity drug used

No drug 631 (63.5%)

Orlistat 40 (4.0%)

Herbals 66 (6.6%)

GLP-1RAs 257 (25.9%)

Type of GLP-1RAs

Ozempic® 107 (41.6%)

Saxenda® 99 (38.5%)

Mounjaro® 51 (19.8%)

GLP-1RA = Glucagon-like peptide-1 receptor agonists, BMI = Body 
mass index. Data are presented as Data are presented as frequency (% 
percentages) for categorical variables. Descriptive statistics are used to 
summarize the demographic characteristics of the study participants.

Table 2 Continuous demographic 
characteristics of study participants

Variable Mean SD Me
dian

IQR 
(Q1–
Q3)

Min Max
SHAPIRO-

WILK 
P-value

Age 31.4 6.2 31.0 27.0–
35.0 18.0 55.0 < 0.001

BMI 29.73 6.14 28.65 25.0–
35.0 20.0 56.75 0.021

Height 
(cm) 164.0 8.5 163.0 158.0–

170.0 145.0 190.0 0.035

Weight 
(kg) 78.85 18.48 75.25 63.0–

88.0 45.0 164.0 0.041

BMI = Body Mass Index, SD = Standard Deviation, IQR = Interquartile 
Range, Min = Minimum, Max = Maximum. Data are presented as mean 
± standard deviation (SD), median, and interquartile range (IQR) for 
continuous variables. The Shapiro-Wilk test was used to assess the 
normality of the distribution for each variable. A p-value of < 0.05 
indicates that the variable does not follow a normal distribution.
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enjoyment of food (17.36 vs. 21.03, p = 0.001) and exhibited 
reduced EOE (12.28 vs. 17.21, p = 0.001) compared to females. 
Hunger levels were also significantly lower among males (9.63 
vs. 12.20, p = 0.001), and slowness in eating showed a trend 
toward being lower in males, though this did not reach strong 
statistical significance (12.05 vs. 10.69, p = 0.049). No significant 
gender-based differences were found in food fussiness or satiety 
responsiveness.

When stratifying by BMI category, EOE was significantly 
higher in individuals classified as obese class I (17.89) compared 
to those who were normal weight (15.81, p = 0.001). Satiety 
responsiveness decreased with increasing BMI, with the lowest 
scores observed in overweight individuals (14.72) and the highest 
in obese class III participants (13.86, p = 0.001). Enjoyment of 
food did not show a consistent pattern across BMI groups (p = 
0.160), nor did food fussiness (p = 0.066). However, hunger 
appeared to decline slightly in more severe obesity categories, 
particularly in obese class III (10.57, p = 0.088).

Marital status did not yield any statistically significant 
differences in appetitive traits after correction for multiple 
comparisons, although single individuals tended to report 
slightly higher enjoyment of food (21.54 vs. 20.11, p = 0.077) 
than married participants.

Occupational status was linked to differences in enjoyment 
of food, EOE, and satiety responsiveness. Students scored 
significantly lower in EOE (14.31 vs. 16.50, p = 0.022) and 
enjoyment of food (19.25 vs. 20.67, p = 0.003) compared 
to employers. Additionally, students had lower satiety 
responsiveness (13.31 vs. 12.79, p = 0.012), suggesting a 
potential link between employment status and appetite regulation 
behaviors.

Educational level showed significant associations 
with multiple appetitive traits. Individuals with primary 
education reported lower enjoyment of food (19.83) 
compared to postgraduate-educated participants (21.45, 
p = 0.001), and EOE was also lower in this group (1
6                                                                                                                                                                                                                                                                                              
16 vs. 18.35, p = 0.002). Higher educational attainment 
was associated with increased satiety responsiveness, with 
postgraduate participants showing the highest scores (11.29) and 
secondary-educated individuals the lowest (15.02, p = 0.001).

Regarding anti-obesity medication use, EOE was 
significantly higher among GLP-1RA users (16.21) compared 
to non-users (13.75, p = 0.001). Users of herbal products also 
showed elevated EOE (17.59) compared to other medication 
groups. Hunger was significantly lower in non-users (12.1) 
than in users of herbal products (12.65, p = 0.014). No major 
differences were found in satiety responsiveness across 
medication groups except for a marginally lower score in non-
users (12.49 vs. 12.92, p = 0.027).

Finally, analysis by type of GLP-1RA used revealed that 
Ozempic® users had significantly higher enjoyment of food 
(21.17) than Saxenda® users (19.54, p = 0.020). EOE was 
also significantly higher in Ozempic® users (17.11) compared 
to Saxenda® users (15.16, p = 0.042). These findings suggest 
subtle but meaningful behavioral distinctions between GLP-
1RA types, warranting further investigation into their differential 
effects on eating behavior profiles (Table 5).

Differences in Quality of Life Across Demographic 
Groups

QoL was assessed using the QOLOD rating scale, 
which includes physical impact, psycho-social impact, diet 
experience, and total QoL scores. Significant differences in QoL 

Differences in Appetitive Traits Across Demographic 
Groups

Significant differences were observed in several appetitive 
traits across different demographic categories. Gender was 
associated with variations in enjoyment of food, EOE, hunger, 
and slowness in eating. Males reported significantly lower 

scores indicate that participants experienced moderate-to-severe 
impairment in health-related QoL due to obesity (Table 3).

Difference in appetitive traits scores and quality-of-life 
subscales scores between GLP-1RAs users and non-users

Significant differences were observed between GLP-1RA 
users and non-users in certain appetitive traits. EOE scores were 
significantly higher among GLP-1RA users compared to non-
users (median = 16 vs. 14, p = 0.001). Hunger levels were lower 
in GLP-1RA users (median = 11.69 vs. 12.14, p = 0.022). No 
statistically significant differences were found between the two 
groups in terms of enjoyment of food, food fussiness, slowness 
in eating, or satiety responsiveness.

QoL measures showed consistent and statistically 
significant differences between GLP-1RA users and non-
users across all domains. Non-users reported greater physical 
impact (median = 35.53 vs. 29.86, p = 0.001), higher psycho-
social impact (median = 30.83 vs. 25.83, p = 0.001), worse diet 
experience (median = 15.41 vs. 12.23, p = 0.001), and overall 
poorer QoL (mean total QOLOD score = 81.79 vs. 67.93, p = 
0.001). These findings suggest that GLP-1RA use is associated 
with improved health-related QoL outcomes in individuals 
across the weight spectrum (Table 4).

Table 4 Difference in appetitive traits scores 
and quality-of-life subscales scores 
between GLP-1RAs users and non-
users

Variable
GLP-1RAs non 

users  
 Mean (SD)

GLP-1RAs 
users 

Mean (SD)
P-value

Enjoyment of 
food 20.65 (2.95) 20.29 (3.99) 0.479

Emotional 
overeating 14.19 (5.71) 16.21 (5.74) 0.001

Food fussiness 12.26 (2.19) 12.37 (2.43) 0.6

Hunger 12.14 (2.88) 11.688 (3.47) 0.022

Slowness in 
eating 11.10 (3.59) 10.97 (3.80) 0.52

Satiety 
responsiveness 12.35 (2.90) 12.92 (3.99) 0.114

Physical impact 35.53 (8.70) 29.86 (9.51) 0.001

Psycho-social 
impact 30.83 (8.41) 25.83 (8.41) 0.001

Diet experience 15.41 (4.33) 12.23 (3.93) 0.001

Total QOLOD 81.788 (18.37) 67.93 (17.85) 0.001

GLP-1RA = Glucagon-like peptide-1 receptor agonists, SD = Standard 
Deviation, QOLOD = Quality of Life, Obesity and Dietetics. Data are 
presented as mean ± standard deviation (SD). Mann-Whitney U tests 
were used to compare the differences between GLP-1RA users and non-
users. Statistical significance was set at p < 0.05.
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Table 5 Difference in Appetitive traits scores between each demographic group

Demographic variable
EF EOE FF H SE SR

Mean 
(SD) P value Mean 

(SD) P value Mean 
(SD) P value Mean 

(SD) P value Mean 
(SD) P value Mean 

(SD) P value

Gender
Male 17.36 

(4.80) 0.001 12.28 
(4.92) 0.001 13.13 

(2.65) 0.171 9.63 
(4.15) 0.001 12.05 

(5.04) 0.049 15.67 
(5.08 0.582

Female 21.03 
(3.38)

17.21 
(5.51)

12.18 
(2.34)

12.20 
(3.07)

10.69 
(3.38)

12.22 
(3.33)

Obesity 
category

Normal weight 20.18 
(3.40) 0.160 15.81 

(6.32) 0.001 13.00 
(2.82) 0.066 12.18 

(2.52) 0.088 10.63 
(3.13) 0.001 0.001

Overweight 20.78 
(3.44)

15.83 
(5.62)

12.34 
(2.25)

12.24 
(2.86)

10.71 
(3.62)

14.72 
(2.28)

Obese class I 21.06 
(3.49)

17.89 
(5.18)

12.09 
(2.40)

12.10 
(3.03)

10.40 
(3.24)

12.24 
(3.17)

Obese class II 19.87 
(3.83)

15.89 
(5.26)

12.22 
(2.49)

11.12 
(3.46)

11.96 
(4.25)

11.81 
(3.38)

Obese class III 18.60 
(5.50)

14.35 
(6.87)

13.00 
(2.59)

10.57 
(4.95)

11.17 
(4.43)

13.86 
(4.34)

Marital 
status

Single 21.54 
(3.33) 0.077 17.51 

(5.71) 0.156 12.93 
(1.96) 0.124 12.48 

(3.03) 0.243 10.09 
(2.90) 0.167 13.03 

(2.87) 0.648

Married 20.11 
(4.05)

16.02 
(5.74)

12.29 
(2.48)

11.57 
(3.52)

11.10 
(3.91)

12.91 
(4.13)

Occu
pation

Student 19.25 
(4.39) 0.003 14.31 

(6.19) 0.022 12.56 
(1.99) 0.702 11.21 

(4.29) 0.113 10.50 
(4.29) 0.132 13.31 

(4.53) 0.012

Employer 20.67 
(3.94)

16.50 
(5.74)

12.34 
(2.50)

11.68 
(3.40)

10.91 
(3.87)

12.79 
(3.98)

Not working 19.74 
(3.78)

16.43 
(5.39)

12.34 
(2.48)

11.98 
(3.16)

11.41 
(3.28)

13.10 
(3.70)

Educa
tional 
level

Primary 
education

19.83 
(2.22) 0.001 16.16 

(5.81) 0.002 12.83 
(1.60) 0.524 13.16 

(3.12) 0.834 12.66 
(2.80) 0.013 12.00 

(3.28) 0.001

Secondary 
education

17.63 
(4.34)

13.44 
(6.49)

13.08 
(2.33)

10.33 
(4.15)

12.61 
(4.03)

15.02 
(4.58)

University 
education

20.50 
(3.94)

16.08 
(5.43)

12.32 
(2.50)

11.68 
(3.40)

11.04 
(3.72)

13.06 
(3.77)

Postgraduate 
education

21.45 
(3.31)

18.35 
(5.40)

12.01 
(2.32)

12.38 
(3.01)

9.56 
(3.51)

11.29 
(3.62)

Obesity 
drug 
used

No drug 20.61 
(2.97) 0.323 13.75 

(5.55) 0.001 12.31 
(2.19) 0.484 12.1 

(2.90) 0.014 11.14 
(3.60) 0.775 12.49 

(2.89) 0.027

Orlistat 20.37 
(2.52)

15.50 
(6.10)

12.30 
(2.24)

11.37 
(2.89)

11.12 
(3.91)

11.40 
(3.11)

Herbals 21.21 
(2.94)

17.59 
(5.83)

11.74 
(2.13)

12.65 
(2.51)

10.74 
(3.27)

11.68 
(2.73)

GLP-1RAs 20.29 
(3.99)

16.21 
(5.74)

12.37 
(2.43)

11.68 
(3.47)

10.97 
(3.80)

12.92 
(3.99)

GLP-
1RAS 
using or 
not

Ozempic® 21.17 
(3.73) 0.020 17.11 

(5.83) 0.042 12.09 
(2.43) 0.264 12.37 

(3.24) 0.018 10.69 
(3.54) 0.416 12.42 

(3.84) 0.363

Saxenda® 19.54 
(4.31)

15.16 
(5.77)

12.65 
(2.38)

11.20 
(3.69)

11.45 
(3.96)

13.19 
(4.30)

Mounjaro® 19.90 
(3.55)

16.39 
(5.25)

12.41 
(2.50)

11.19 
(3.32)

10.62 
(3.99)

13.47 
(3.60)

EF = Enjoyment of food, EOE = Emotional overeating, FF = Food fussiness, H = Hunger, SE = Slowness in eating, SR = Satiety 
responsiveness, GLP-1RA = Glucagon-like peptide-1 receptor agonists. Data are presented as mean ± standard deviation (SD). Kruskal-Wallis 
tests were used to compare the differences between more than two groups (e.g., obesity categories, educational levels), while Mann-Whitney 
U tests were used for comparisons between two independent groups (e.g., male vs. female). Statistical significance was set at p < 0.05.

outcomes were observed across several demographic categories, 
particularly with respect to BMI classification, educational level, 
and anti-obesity medication use.

Gender Differences: There were no statistically significant 
differences between males and females in psycho-social impact 
(25.23 vs. 25.98, p = 0.357), diet experience (11.82 vs. 12.33, p = 
0.527), or total QoL score (58.82 vs. 70.23, p = 0.553). However, 
males reported higher physical impact scores (31.91 vs. 21.76, 
p = 0.097), suggesting greater physical impairment related to 
obesity; although this did not reach statistical significance, it 

may reflect clinically meaningful differences warranting further 
exploration.

Obesity Category: Significant declines in all QoL domains 
were observed with increasing BMI classification. Normal 
weight individuals had the highest total QoL score (79.27) and 
lowest physical impact (35.54), while those in the obese class III 
group experienced the most severe impairments, including the 
lowest total QoL (52.30) and physical impact (20.02, p < 0.001) 
scores. Similar patterns were seen for psycho-social impact 
(22.22, p < 0.001) and diet experience (10.05, p < 0.001). These 
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(62.47, p = 0.009) compared to university-educated participants. 
Postgraduate individuals had the highest physical impact 
score (32.15) but comparable psycho-social and total QoL 
scores to other high-education groups. These findings suggest 
that educational background may influence both physical and 
emotional well-being in relation to obesity.

Anti-obesity medication use: Participants who had never 
used any anti-obesity medications reported the worst QoL 
outcomes across all domains. Non-users had a significantly 
higher physical impact (36.16, p = 0.001), psycho-social impact 
(31.51, p = 0.001), and total QoL (83.48, p = 0.001) scores 
compared to users of Orlistat, herbal products, or GLP-1RAs. 
Users of GLP-1RAs had the best overall QoL (67.93), consistent 
with their role in improving both metabolic and behavioral 
outcomes.

The type of GLP-1RA Used: No significant differences 
were observed in QoL domains between users of Ozempic®, 
Saxenda®, or Mounjaro®. Physical impact (30.56 vs. 28.93 
vs. 30.19, p = 0.646), psycho-social impact (24.97 vs. 27.06 vs. 
25.25, p = 0.263), diet experience (11.84 vs. 12.32 vs. 12.88, p 
= 0.263), and total QoL (67.37 vs. 68.32 vs. 68.33, p = 0.900) 
did not vary significantly across GLP-1RA types, suggesting 
similar effects on QoL despite potential differences in appetite 
regulation and behavioral traits previously observed (Table 6).

findings demonstrate a clear inverse relationship between BMI 
and health-related QoL, with progressively worse outcomes in 
more severe obesity classes.

Marital Status: Single participants reported slightly higher 
physical impact (33.15 vs. 29.37, p = 0.031) compared to 
married individuals, indicating greater physical burden among 
single individuals. However, no significant differences were 
found in psycho-social impact (27.72 vs. 25.55, p = 0.156), diet 
experience (12.09 vs. 12.25, p = 0.914), or total QoL (72.96 
vs. 67.18, p = 0.054), suggesting that marital status has limited 
influence on overall QoL beyond physical aspects.

Occupation: Occupational status showed minimal effect 
on QoL outcomes. No significant differences were found in 
physical impact (p = 0.341), psycho-social impact (p = 0.550), 
or total QoL (p = 0.235). However, diet experience differed 
significantly across occupational groups (p = 0.006), with non-
working individuals reporting the highest diet experience scores 
(12.72), followed by employers (12.22) and students (11.40), 
suggesting that employment status may modestly influence 
dietary satisfaction or restriction.

Educational Level: Higher educational attainment 
was associated with better QoL outcomes. Participants with 
secondary education scored lower in physical impact (25.33, p = 
0.001), psycho-social impact (24.94, p = 0.049), and total QoL 

Table 6 Difference in quality-of-life measures between each demographic group

Demographic variable

Physical impact Psycho-social impact Diet experience Total QOLOD

Mean (SD) P value Mean (SD) P value Mean (SD) P value Mean (SD) P value

Gender
Male 31.91 (8.11) 25.23 (7.13) 11.82 (3.72) 58.82 (18.09)

Female 21.76 (10.34 0.097 25.98 (8.72) 0.357 12.33 (3.98) 0.527 70.23 (23) 0.553

Obesity category

Normal weight 35.54 (7.67) 30.72 (8.12) 13.00 (2.72) 79.27 (15.68)

Overweight 34.45 (8.38) 0.001 28.10 (7.74) 0.001 13.09 (3.91) 0.001 75.65 (15.34) 0.001

Obese class I 32.26 (7.76) 26.00 (8.81) 12.60 (4.32) 70.86 (17.87)

Obese class II 26.68 (8.48) 24.31 (8.02) 12.03 (3.35) 63.03 (15.53)

Obese class III 20.02 (7.43) 22.22 (7.89 10.05 (3.52) 52.30 (13.58)

Marital status
Single 33.15 (7.71) 0.031 27.72 (8.74) 0.156 12.09 (3.93) 0.914 72.96 (16.63) 0.054

Married 29.37 (9.66) 25.55 (8.35) 12.25 (3.93) 67.18 (17.93)

Occupation

Student 29.21 (11.08) 25.68 (7.38) 11.40 (4.81) 66.31 (18.74)

Employer 30.14 (9.32) 0.341 25.98 (8.43) 0.550 12.22 (3.78) 0.006 68.35 (17.38) 0.235

Not working 29.38 (9.26) 25.45 (9.04) 12.72 (3.80) 67.56 (19.00)

Educational 
level

Primary 
education 29.33 (6.77) 26.83 (8.49) 12.50 (3.39) 68.66 (12.37)

Secondary 
education 25.33 (10.13) 0.001 24.94 (9.06) 0.049 12.19 (4.57) 0.305 62.47 (20.13) 0.009

University 
education 30.08 (9.53) 26.27 (8.04) 12.46 (3.72) 68.82 (17.88)

Postgraduate 
education 32.15 (8.47) 25.05 (9.11) 11.59 (4.12) 68.80 

Obesity drug 
used

No drug 36.16 (8.42) 31.51 (8.25) 31.51 (8.25) 83.48 (17.56)

Orlistat 31.55 (10.36) 0.001 27.25 (9.38) 0.001 27.25 (9.38) 0.001 72.50 (20.97) 0.001

Herbals 31.84 (8.84) 26.54 (8.48) 26.54 (8.48) 71.16 (19.30)

GLP-1RAs 29.86 (9.51) 25.83 (8.41) 25.83 (8.41) 67.93 (17.85)

GLP-1RAs using 
or not

Ozempic® 30.56 (8.76) 24.97 (8.80) 11.84 (4.00) 67.37 (17.52)

Saxenda® 28.93 (9.97) 0.646 27.06 (8.03) 0.263 12.32 (3.83) 0.263 68.32 (18.03) 0.900

Mounjaro® 30.19 (10.11) 25.25 (8.16) 12.88 (3.94) 68.33 (18.48)

EF = Enjoyment of food, EOE = Emotional overeating, FF = Food fussiness, H = Hunger, SE = Slowness in eating, SR = Satiety 
responsiveness, GLP-1RA = Glucagon-like peptide-1 receptor agonists, QOLOD = Quality of Life, Obesity and Dietetics. Data are presented 
as mean ± standard deviation (SD). Kruskal-Wallis tests were used to compare the differences between more than two groups (e.g., obesity 
categories, educational levels), and Mann-Whitney U tests were used for comparisons between two independent groups (e.g., male vs. 
female). Statistical significance was set at p < 0.05.
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Correlations Between BMI and Behavioral and Quality 
of Life Scores

Spearman correlation analysis revealed several statistically 
significant associations between BMI and appetitive traits, as 
well as health-related QoL domains. EOE showed a modest 
but significant positive correlation with BMI (rs = +0.194, p 
< 0.001), indicating that individuals with higher BMI tended 
to experience greater EOE behaviors. In contrast, slowness in 
eating (rs = –0.117, p = 0.003) and satiety responsiveness (rs 
= –0.112, p = 0.001) were negatively correlated with BMI, 
suggesting that individuals with higher BMI exhibited reduced 
sensitivity to satiety cues and slower eating pace.

Enjoyment of food (rs = +0.057, p = 0.066) and food 
fussiness (rs = –0.018, p = 0.575) did not show statistically 
significant correlations with BMI. Hunger also demonstrated a 
weak and non-significant negative association with BMI (rs = 
–0.056, p = 0.080).

In terms of QoL, all subscales showed significant inverse 
correlations with BMI, consistent with a decline in QoL as BMI 
increased. Physical impact had the strongest negative correlation 
with BMI (rs = –0.322, p < 0.001), followed by psycho-social 
impact (rs = –0.264, p < 0.001) and diet experience (rs = –0.223, p 
< 0.001). These results indicate that individuals with higher BMI 
experienced greater physical limitations, poorer psycho-social 
well-being, and more adverse dietary experiences (Table  7).

These findings underscore the complex relationship 
between BMI, eating behavior traits, and health-related QoL. 
The observed correlations support the hypothesis that obesity is 
not only a metabolic condition but also one that is closely linked 
with altered appetitive behaviors and substantial impairment in 
multiple domains of daily functioning and well-being.

Behavioral Clustering Analysis
K-means clustering was performed to identify distinct 

behavioral subgroups based on key appetitive traits. The 
analysis revealed two primary clusters: cluster 1 ("fuzzy eaters") 
and cluster 2 ("gourmets"), characterized by distinct patterns 
in standardized z-scores for eating behaviors (Figure 1). These 
clusters were further explored in relation to demographic 
variables and their implications for obesity management.

The final cluster centers (Figure 1) illustrated significant 
differences between the two clusters: Fuzzy eaters exhibited 
significantly lower enjoyment of food (Z-score ≈ –0.6) compared 
to gourmets. Demonstrated higher EOE (Z-score ≈ 0.6) and 
hunger (Z-score ≈ 0.5). Showed reduced satiety responsiveness 
(Z-score ≈ –0.6) and slowness in eating (Z-score ≈ –0.3). Food 
fussiness was slightly elevated but not as pronounced as other 
traits (Z-score ≈ 0.2). 

Gourmets displayed higher enjoyment of food (Z-score 
≈ 0.6) compared to Fuzzy eaters. Had lower EOE (Z-score ≈ 
0.5) and hunger (Z-score ≈ –0.2). Exhibited greater satiety 
responsiveness (Z-score ≈ 0.5) and slowness in eating (Z-score 
≈ –0.2). Food fussiness was relatively low (Z-score ≈ –0.1).

These findings suggest that fuzzy eaters are more prone 
to impulsive or "fuzzy" eating behaviors, characterized by 
heightened EOE, reduced satiety, and increased hunger. In 
contrast, gourmets individuals exhibit more controlled eating 
behaviors, marked by higher enjoyment of food, better satiety 
responsiveness, and slower eating pace.

Table 7 Spearman Correlations Between BMI 
and Behavioral Scores

Subscale r_s p-value

Enjoyment of food +0.057 0.066

Emotional overeating +0.194 < 0.001

Food fussiness -0.018 0.575

Hunger -0.056 0.080

Slowness in eating -0.117 0.003

Satiety responsiveness -0.112 0.001

Physical Impact -0.322 < 0.001

Psycho-social Impact -0.264 < 0.001

Diet Experience -0.223 < 0.001

r_s: Spearman correlation coefficient. Spearman's rank correlation 
(r_s) was used to assess the strength and direction of the relationship 
between BMI and each behavioral score. A p-value of < 0.05 indicates 
a statistically significant correlation. Spearman’s r_s is used as it is 
appropriate for non-normally distributed data, providing a measure of 
association for continuous and ordinal variables.

Figure 1 – Final clusters using K means clustering
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Behavioral Clustering and Demographic Associations
K-means clustering identified two distinct behavioral 

subgroups based on appetitive traits: fuzzy eaters and gourmets. 
The distribution of these clusters across demographic and 
clinical variables revealed statistically significant differences in 
gender, BMI classification, educational level, obesity drug use, 
and type of GLP-1RA used.

Gender Differences: There was a significantly higher 
proportion of males in fuzzy eaters’ cluster compared to 
gourmets’ cluster (86 vs. 63, p = 0.021). In contrast, females were 
more evenly distributed between the two clusters (399 in fuzzy 
eaters vs. 446 in gourmets), suggesting that male participants 
were more likely to exhibit impulsive or less regulated eating 
behaviors associated with fuzzy eaters’ cluster.

Obesity Category: BMI classification showed a strong 
association with cluster membership. Normal weight individuals 
were more frequently represented in gourmets compared to 
overweight and obese groups (fuzzy eaters: 157 vs. gourmets: 
82, p = 0.001). Conversely, the proportion of individuals in fuzzy 
eaters’ cluster increased with higher BMI categories, particularly 
among those classified as obese class I and II, indicating that 
disordered eating patterns were more prevalent in individuals 
with greater body weight.

Educational Level: Educational attainment was also 
linked to cluster assignment. Participants with only primary 
education were more likely to belong to fuzzy eaters’ cluster 
compared to those with postgraduate education (13 vs. 7, p = 
0.002). Higher levels of education, especially postgraduate 
training, were associated with gourmets’ cluster, suggesting that 
better-educated individuals tended to display healthier eating  
behaviors.

Obesity Drug Use: The pattern of anti-obesity medication 
use differed significantly between clusters. Non-users of anti-
obesity drugs were more commonly found in fuzzy eaters’ 
cluster than in gourmets’ cluster (330 vs. 301, p = 0.006). Among 
users, individuals taking herbal products were more frequently 
assigned to gourmets’ cluster, whereas Orlistat users were 
relatively balanced between clusters. These findings suggest that 
medication use may be associated with specific eating behavior 
profiles.

Type of GLP-1RA Used: Among GLP-1RAs users, there 
was a significant difference in cluster distribution depending on 
the specific agent used. Ozempic® users were more likely to 
belong to gourmets’ cluster compared to users of Saxenda® or 
Mounjaro® (Ozempic®: fuzzy eaters’ cluster = 39 vs. gourmets’ 
cluster= 68, p = 0.042). This indicates potential differential 
effects of GLP-1RAs on appetite regulation and eating behavior 
patterns (Table 8).

These results highlight the heterogeneity in eating behaviors 
across different demographic and clinical subpopulations. 
The observed associations support the idea that behavioral 
clustering can help identify meaningful subgroups for targeted 
interventions in obesity management.

Multivariable Regression Analysis of Quality of Life
A multiple linear regression model was conducted to 

identify independent predictors of total QoL score (QoL total), 
based on demographic characteristics, BMI classification, 
behavioral clustering, and anti-obesity medication use. The 
model included ten predictor variables: cluster membership 
(fuzzy eaters vs. gourmets), gender, BMI category (overweight, 
obese class I–III), prior use of orlistat or herbal weight loss 
products, and current use of GLP-1RAs. The regression model 
demonstrated a statistically significant fit, explaining 34% of the 
variance in total QoL score (R² = 0.340, adjusted R² = 0.333), 
with an overall model F-statistic of F (10, 983) = 50.533, p < 
0.001, indicating strong explanatory power.

Higher BMI was strongly associated with poorer QoL. 
Compared to individuals with normal weight, those who were 
overweight had significantly lower QoL scores (β = –0.158, p < 
0.001), with progressively worse outcomes observed in higher 
obesity classes. Specifically, individuals classified as obese class 
I had significantly reduced QoL (β = –0.237, p < 0.001), while 
those in obese class II (β = –0.358, p < 0.001) and class III (β = 
–0.364, p < 0.001) exhibited the most substantial impairments 
in overall QoL.

Cluster membership also emerged as a significant 
predictor. Individuals categorized into fuzzy eaters’ cluster 
reported significantly lower QoL compared to gourmets’ cluster 
(B = 9.689, β = 0.252, p < 0.001), highlighting the impact of 
disordered eating behaviors on health-related QoL. Being male 
was independently associated with worse QoL (B = 4.127, β 
= 0.077, p = 0.005), suggesting gender-based differences in 
perceived well-being among participants.

Use of anti-obesity medications showed mixed 
associations. Current users of GLP-1RAs reported significantly 

Table 8 Association between clusters and the 
demographic characteristics

Variable
Cluster 
1 (fuzzy 
eaters)

Cluster 2 
(gourmets) P- value

Gender
Male 86 63 0.021

Female 399 446

Obesity 
category

Normal weight 157 82 0.001

Overweight 154 186

Obese class I 90 133

Obese class II 55 67

Obese class III 29 41

Marital 
status

Single 109 93 0.115

Married 376 416

Occupation

Student 63 71 0.83

Employer 260 301

Not working 162 137

Educa
tional level

Primary 
education 13 7 0.002

Secondary 
education 69 51

University 
education 340 346

Postgraduate 
education 63 105

Obesity 
drug used

No drug 330 301 0.006

Orlistat 17 23

Herbals 21 45

GLP-1RAs 117 140

Type of 
GLP-1RAs 
used

Ozempic® 39 68 0.042

Saxenda® 50 49

Mounjaro® 28 23

The Chi-square test was used to assess the association between 
demographic characteristics (e.g., gender, obesity category, marital 
status, etc.) and the two clusters (Fuzzy Eaters vs. Gourmets). A p-value 
of < 0.05 indicates a significant association between the variables.
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better QoL than non-users (B = –4.757, β = –0.108, p = 0.004). 
Prior use of orlistat was also linked to lower QoL (B = –5.435, 
β = –0.056, p = 0.037), although this effect was weaker and 
marginally significant. Use of herbal weight loss products 
approached statistical significance (B = –3.934, β =–0.051, p 
= 0.062), indicating a potential negative association between 
unregulated weight loss methods and QoL.

Collinearity diagnostics revealed acceptable levels of 
independence between predictor variables, with tolerance 
values ranging from 0.447 to 0.950 and variance inflation factor 
(VIF) values below 2.5 across all variables, suggesting that 
multicollinearity did not compromise the validity of the model.

In summary, this regression analysis identified BMI 
classification, behavioral cluster, gender, and use of GLP-1RAs 
as key independent predictors of QoL in individuals across the 
weight spectrum. These findings reinforce the multifactorial 
nature of obesity-related QoL and support the integration of 
both behavioral and pharmacological assessments in clinical 
approaches to obesity management (Table 9).

Discussion 
This study examined the relationship between obesity, 

eating behaviors, and QoL in Iraqi adults, particularly focusing 
on the effects of GLP-1RA use. The main findings revealed 
that GLP-1RA users reported significantly lower hunger levels 
and better overall QoL compared to non-users, although EOE 

remained elevated in both groups. Behavioral clustering identified 
two distinct groups: "fuzzy eaters," who exhibited high EOE and 
low satiety responsiveness, and "gourmets," who demonstrated 
better satiety and slower eating. Despite the improvements in 
appetite regulation observed with GLP-1RA use, EOE was not 
fully addressed, indicating that pharmacological treatments 
alone may not completely address the psychological aspects of 
eating behavior.

These results are consistent with the findings of Charlotte 
C. van Ruiten et al. [11], who also observed that EOE 
persisted in patients using GLP-1RAs, despite improvements 
in physical health outcomes. This suggests that while GLP-
1RA treatment can reduce hunger and improve appetite 
control, EOE remains a significant barrier to achieving optimal 
outcomes. Similarly, Blundell et al. [14] and Davies et al. [15] 
reported reductions in EOE scores with GLP-1RA treatment, 
although these effects were not uniform across all participants, 
reinforcing the notion that EOE is multifactorial and requires 
more individualized treatment approaches. This supports 
our hypothesis that EOE may modulate the efficacy of GLP-
1RA treatment, and additional interventions—especially 
psychological ones—may be necessary for better management  
of EOE.

In contrast to these findings, Suzuki et al. [16] demonstrated 
that tirzepatide, a GLP-1RA, significantly improved EOE 
and glycemic control in their clinical trial participants. This 
discrepancy may arise due to differences in study design, the 

Table 9 Multiple linear regression coefficients 

Model

Unstandardized Coefficients Standardized 
Coefficients

T Sig.

Collinearity Statistics

B Std. Error Beta Tolerance VIF

(Constant) 84.498 1.286 65.717 0.000

Cluster Number 
of Case 9.689 1.189 0.252 8.150 0.000 0.702 1.425

Gender 4.127 1.468 0.077 2.812 0.005 0.903 1.107

BMI group 
(Overweight) -6.400 1.375 -0.158 -4.654 0.000 0.582 1.717

BMI group (Obese 
Class I) -10.922 1.572 -0.237 -6.949 0.000 0.577 1.734

BMI group (Obese 
Class II) -20.934 1.916 -0.358 -10.925 0.000 0.627 1.595

BMI group (Obese 
Class III) -27.359 2.332 -0.364 -11.734 0.000 0.697 1.436

Obesity drug 
(orlistat) -5.435 2.600 -0.056 -2.091 0.037 0.950 1.053

Obesity drug 
(herbal) -3.934 2.102 -0.051 -1.871 0.062 0.905 1.105

GLP-1RAs cluster -6.740 2.310 -0.113 -2.917 0.004 0.447 2.236

Obesity drug 
(GLP-1RAs) -4.757 1.649 -0.108 -2.885 0.004 0.476 2.103

B = Unstandardized Coefficient. Beta = Standardized Coefficient. T = T-statistic. Sig. = P-value (Significance). Std. Error = Standard Error of 
the Unstandardized Coefficients. Tolerance = Collinearity Tolerance (measures how much a variable is explained by the other predictors). 
VIF = Variance Inflation Factor (measures the severity of multicollinearity). GLP-1RAs = Glucagon-like peptide-1 receptor agonists.   BMI = 
Body Mass Index. A multiple linear regression model was used to examine the relationships between various predictor variables (e.g., cluster 
number, gender, BMI categories, obesity drug use, and GLP-1RAs use) and the dependent variable. Unstandardized coefficients (B) represent 
the change in the dependent variable for a one-unit change in the predictor variable, while standardized coefficients (Beta) show the relative 
importance of each predictor in the model. Significance: The p-value (Sig.) for each predictor is provided. A p-value of less than 0.05 indicates 
that the corresponding predictor is statistically significant. For example, Cluster, BMI groups, and GLP-1RAs have significant associations with 
the dependent variable as indicated by their p-values. Collinearity Statistics: Tolerance values greater than 0.1 and VIF (Variance Inflation 
Factor) values less than 10 indicate that multicollinearity is not a concern in the model.
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duration of treatment, and the specific GLP-1RA used. Suzuki 
et al.’s study involved a longer treatment period, which may 
have allowed for more profound changes in both physical and 
psychological aspects of eating behavior. The longer treatment 
duration in their study may account for the more significant 
impact on EOE compared to our cohort, where the treatment 
duration was shorter. Moreover, the cultural context of eating 
behaviors in Iraq, where EOE is often tied to social gatherings 
and cultural norms around food, may influence responses 
to treatment. The cultural differences in dietary habits and 
social food-related behaviors could partly explain why some 
studies report more significant effects of GLP-1RAs on EOE  
than others.

An important contribution of this study is the identification 
of distinct behavioral profiles—"fuzzy eaters" and "gourmets." 
These two groups exhibited different eating behaviors that were 
not solely determined by physiological hunger and satiety cues 
but also by emotional factors. "Fuzzy eaters," with higher EOE 
tendencies, may be more likely to use food as a coping mechanism 
for emotional distress. In contrast, "gourmets," who exhibited 
slower eating and better satiety responsiveness, seem to rely 
more on internal physiological cues and have fewer issues with 
EOE. This finding aligns with van Strien et al. [17], who found 
similar patterns of eating behavior in obese populations, where 
EOE and external eating were common. The "fuzzy eater" and 
"gourmet" profiles identified in our study offer valuable insight 
into how different individuals with obesity might respond to 
treatment. It suggests that tailored interventions are necessary to 
address specific behavioral profiles, which could lead to better 
treatment outcomes for patients.

The role of GLP-1RA treatment in addressing eating 
behaviors is further complicated by the psychological and 
emotional factors influencing overeating. As indicated in earlier 
research, including studies by Shaw et al. [18] and van Strien et al. 
[17], EOE is a significant challenge in obesity treatment. While 
GLP-1RAs are effective in controlling appetite and promoting 
weight loss, they do not fully address the emotional aspects 
of eating. The persistence of EOE in our study’s participants, 
despite the use of GLP-1RAs, reinforces the idea that additional 
interventions—such as cognitive-behavioral therapy (CBT) or 
other psychological approaches—may be necessary to address 
the emotional drivers of overeating.

Obesity is not just about weight or appetite—it involves 
metabolic and inflammatory changes that begin early in life. A 
recent study in Kazakh children found that sleep disturbances are 
linked to insulin resistance and higher levels of inflammation, 
even at a young age [19]. While our study focused on adults 
and did not measure biomarkers, this supports the idea that 
obesity affects multiple body systems. The persistence of EOE 
in our GLP-1RA users, despite treatment, may reflect similar 
underlying dysregulation that goes beyond appetite control. 
This finding highlights the multifactorial nature of obesity, 
where hormonal, psychological, and metabolic factors are 
interconnected, making comprehensive treatment approaches  
crucial.

The cultural context also plays a pivotal role in shaping 
eating behaviors. In Iraq, food is central to social interactions, 
and traditional meals are often associated with strong emotional 
and social ties. This cultural backdrop may contribute to higher 
levels of EOE, as food-related behaviors are often intertwined 
with social experiences. These findings are consistent with 
Wardle et al. [20] and Raspopow et al. [21], who emphasized the 
influence of cultural beliefs and social settings on eating habits. 

Culturally tailored interventions that address both physiological 
and psychological components of eating may be more effective 
in helping individuals manage EOE and improve weight 
management outcomes.

Our findings are consistent with previous studies on 
behavioral patterns in people with obesity. Research by van 
Strien et al. [17] and Herman et al. [22] has shown that emotional 
eaters and external eaters tend to have more difficulties with 
overeating and managing their weight. This suggests that 
treatment plans should be customized to address specific eating 
habits. The identification of 'fuzzy eaters' and 'gourmets' in 
our study further highlights the importance of personalizing 
treatment approaches. Doing so could enhance the effectiveness 
of GLP-1RAs and potentially improve outcomes for those living  
with obesity.

Despite the valuable insights provided by this study, 
several limitations should be noted. First, the cross-sectional 
design of the study prevents causal conclusions about the 
effects of GLP-1RA use on EOE and QoL. Longitudinal studies 
are needed to examine the long-term effects of GLP-1RAs on 
EOE and to determine whether the improvements in appetite 
regulation observed in this study are sustained over time. 
Additionally, the reliance on self-reported measures, such as 
the AEBQ and QOLOD, introduces the potential for response 
bias, especially regarding EOE, which is a subjective and 
sensitive measure. Although efforts were made to anonymize 
survey responses and reduce social desirability bias, future 
studies could benefit from using more objective measures, such 
as food diaries or direct observation, to obtain more accurate  
data.

Another limitation of the study is the lack of diversity in the 
sample. All participants were recruited from healthcare centers 
and dietetics clinics in Iraq, which may not fully represent 
the general population. Including a more diverse sample 
in future studies would increase the generalizability of the 
findings. Additionally, while we controlled for several potential 
confounders in the analysis, other unmeasured factors—such as 
stress, mental health status, and social support—may influence 
eating behaviors and QoL. These factors were not assessed in this 
study but could provide valuable insights into the psychological 
components of eating behavior.

Finally, future research should explore the potential benefits 
of combining GLP-1RA treatment with psychological therapies, 
such as CBT, to address the emotional aspects of eating. CBT 
has been shown to be effective in treating EOE and could 
complement the physiological benefits of GLP-1RAs, leading 
to more sustainable weight management outcomes. Long-term, 
multi-component interventions that include pharmacological 
treatments and psychological support may offer the most 
comprehensive approach to managing obesity and improving 
QoL in individuals with EOE tendencies.

Conclusions 
This study demonstrates that while GLP-1RAs show 

promise in improving appetite control and QoL in individuals 
with obesity, they do not fully address EOE, which remains a 
significant challenge. The identification of distinct behavioral 
profiles—such as "fuzzy eaters" and "gourmets"—suggests that 
personalized treatment strategies are needed to target specific 
behaviors and improve outcomes. Future research should 
explore the long-term effects of GLP-1RA use and investigate 
integrated approaches combining pharmacological treatments 
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ABSTRACT
Background: Non-alcoholic fatty liver disease (NAFLD) affects 25-30% of 

South Asian adults, with limited predictive tools for dietary intervention success. 
Identifying baseline predictors of hepatic response could enable personalized 
treatment approaches.

Objective: To evaluate hepatic function benefits of culturally adapted low-
carbohydrate Paleolithic diet in South Asian adults with metabolic dysfunction 
and develop predictive models for treatment response.

Methods: 103 overweight/obese South Asian adults followed a culturally 
adapted Paleolithic diet for 12 weeks. Primary outcomes were hepatic function 
improvements (ALT, ALP, hepatic steatosis index). Multiple regression analysis 
identified predictors of hepatic response. ROC analysis determined optimal 
baseline cutoffs for treatment success, defined as ≥20% ALT reduction.

Results: Significant hepatic improvements occurred: ALT decreased 17.1% 
(p<0.05), ALP decreased 7.4% (p<0.01), hepatic steatosis index improved 10.7% 
(p<0.01). Multiple regression revealed baseline ALT (β=0.58, p<0.001), insulin 
resistance (β=0.34, p<0.01), and triglycerides (β=0.28, p<0.05) as independent 
predictors of hepatic response (R²=0.64). ROC analysis showed baseline ALT 
>28.5 U/L had 81.3% sensitivity and 74.6% specificity for predicting treatment 
success (AUC=0.82, p<0.001). Concurrent benefits included 9.4kg weight loss 
and 41% insulin resistance improvement.

Conclusion: Culturally adapted Paleolithic diet produces rapid hepatic 
function improvements in South Asian adults, with baseline ALT >28.5 U/L 
predicting optimal treatment response. These findings enable personalized 
intervention strategies for NAFLD management.
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Introduction 
Non-alcoholic fatty liver disease (NAFLD) has emerged 

as the most common chronic liver condition globally, 
affecting approximately 25% of the worldwide population and 
representing a significant public health burden [1]. In South Asian 
populations, NAFLD prevalence reaches 25-30% of adults, 
with disease manifestation occurring at lower BMI thresholds 
compared to other ethnic groups [2]. This "metabolically obese, 
normal weight" phenotype characteristic of South Asians results 
in earlier and more severe hepatic dysfunction, often progressing 
to non-alcoholic steatohepatitis (NASH) and advanced fibrosis 
[3].

The pathophysiology of NAFLD in South Asian 
populations involves complex interactions between genetic 
predisposition, insulin resistance, visceral adiposity, and dietary 
factors [4]. Traditional South Asian diets, characterized by high 
carbohydrate intake (60-70% of total calories) and frequent meal 
patterns, may contribute to hepatic lipogenesis and steatosis 
development [5]. Current treatment approaches primarily 
focus on weight loss and metabolic improvement, with limited 
evidence for population-specific dietary interventions targeting 
hepatic function.

Scientific Rationale and Knowledge Gap
Despite NAFLD's high prevalence in South Asian 

populations, several critical knowledge gaps exist:
1.	 Predictive Modeling Deficit: No validated predictive 

models exist for identifying South Asian individuals most likely 
to benefit from dietary interventions, limiting personalized 
treatment approaches [6].

2.	 Population-Specific Response Patterns: Limited data 
exists on baseline characteristics predicting hepatic function 
improvements in culturally adapted dietary interventions [7].

3.	 Rapid Response Assessment: Absence of validated 
biomarkers for early treatment response evaluation within 12 
weeks of dietary intervention [8].

4.	 Cultural Adaptation Evidence: Lack of evidence 
for hepatic benefits of culturally adapted low-carbohydrate 
interventions in South Asian populations [9].

Low-carbohydrate diets (LCDs) have demonstrated 
promising results for NAFLD management through multiple 
mechanisms: reduced hepatic de novo lipogenesis, enhanced 
fatty acid oxidation, decreased insulin resistance, and improved 
hepatic insulin sensitivity [10]. Recent meta-analyses have 
shown that LCDs can reduce hepatic fat content by 20-30% 
within 12 weeks, with concurrent improvements in liver enzyme 
levels [11]. However, individual response variability remains 
poorly understood, with some patients achieving substantial 
improvements while others show minimal response [12].

Low-carbohydrate diets reduce hepatic lipogenesis and 
enhance fatty acid oxidation through several interconnected 
biochemical mechanisms. Carbohydrate restriction decreases 
insulin secretion and hepatic insulin signaling, which 
downregulates the transcription factors sterol regulatory element-
binding protein-1c (SREBP-1c) and carbohydrate-responsive 
element-binding protein (ChREBP). These transcription 
factors normally activate genes encoding lipogenic enzymes 
including fatty acid synthase (FAS), acetyl-CoA carboxylase 
(ACC), and stearoyl-CoA desaturase-1 (SCD1). By suppressing 
these pathways, carbohydrate restriction reduces de novo 
lipogenesis—the conversion of excess glucose and fructose into 
hepatic triglycerides. Simultaneously, reduced insulin levels 
and lower hepatic glucose availability activate AMP-activated 

protein kinase (AMPK), which promotes fatty acid oxidation by 
phosphorylating and inhibiting ACC, thereby reducing malonyl-
CoA production. Lower malonyl-CoA levels relieve inhibition 
of carnitine palmitoyltransferase-1 (CPT-1), the rate-limiting 
enzyme for mitochondrial fatty acid uptake and β-oxidation. This 
metabolic shift redirects hepatic metabolism from lipid storage 
to lipid utilization, resulting in reduced hepatic steatosis and 
improved liver enzyme profiles. Studies demonstrate that low-
carbohydrate diets (30% energy from carbohydrates) produce 
significantly higher total and plasma fatty acid oxidation rates 
(4.8 and 4.6 μmol/kg/min) compared to high-carbohydrate diets 
(2.4 and 2.1 μmol/kg/min respectively), while simultaneously 
suppressing hepatic de novo lipogenesis by up to 75%.

Machine learning approaches and predictive modeling 
have emerged as valuable tools for personalizing dietary 
interventions. ROC analysis and multiple regression modeling 
can identify baseline predictors of treatment success, enabling 
clinicians to optimize patient selection and intervention 
strategies [13].

This study addresses these knowledge gaps by evaluating 
hepatic function benefits of a culturally adapted Paleolithic 
diet in South Asian adults while developing predictive models 
for treatment response using advanced statistical approaches 
including multiple regression and ROC analysis.

Methods 
This prospective, interventional study was conducted 

between March 2022 and February 2023. The study protocol 
was approved by the Institutional Human Ethics Committee 
(Reference: IHEC/230/Biochemistry/06/2022) and conducted in 
accordance with the Declaration of Helsinki.

Participants and Selection Criteria South Asian adults 
aged 18-65 years with BMI ≥25 kg/m² (South Asian cutoff for 
obesity) were recruited through consecutive sampling from the 
institutional diet clinic. Participants with evidence of metabolic 
dysfunction (defined as presence of at least one: elevated fasting 
glucose, insulin resistance, dyslipidemia, or elevated liver 
enzymes) were prioritized for inclusion.

Inclusion criteria: (1) BMI ≥25 kg/m², (2) evidence of 
metabolic dysfunction, (3) elevated ALT and/or ALP levels, (4) 
willingness to adhere to dietary intervention for 12 weeks, (5) 
no current dietary interventions, and (6) provision of informed 
consent.

Exclusion criteria: (1) established liver disease (hepatitis 
B/C, autoimmune hepatitis, Wilson's disease), (2) alcohol 
consumption >20g/day, (3) hepatotoxic medication use, (4) 
insulin-dependent diabetes mellitus or uncontrolled diabetes 
requiring pharmacotherapy (HbA1c >9% with ongoing 
medication), (5) established cardiovascular disease, (6) 
uncontrolled hypertension, (7) chronic kidney disease, (8) 
pregnancy/lactation, and (9) acute illness. Participants with 
prediabetes (HbA1c 5.7-6.4%) and diet-controlled early 
hyperglycemia were included, as dietary intervention represents 
first-line management for these conditions. Those requiring 
insulin or multiple oral hypoglycemic agents were excluded to 
avoid confounding effects of glucose-lowering medications on 
hepatic function parameters.

Sample Size and Statistical Power Based on previous 
studies showing mean ALT reduction of 12±8 U/L with dietary 
interventions, targeting 80% power at 5% significance level, 
the calculated sample size was 85 participants. For regression 
analysis with 6 predictors, minimum sample size of 90 was 
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Table 1 Culturally Adapted Paleolithic Diet 
Plan

Meal Group Food Items Hepatic 
Benefits

Breakfast All groups

50-80 almonds OR 50-
100g peanuts OR 100g 
coconut + 30g butter in 

200ml milk/tea

Vitamin E, 
healthy fats, 

reduced fructose

Lunch

Non-Veg/
Ovo-veg

4 whole eggs + 200g 
vegetables + 30g cheese

High-quality 
protein, choline, 

antioxidants

Vegetarian 300g vegetables + 50g 
cheese + 50g coconut

Fiber, 
antioxidants, 

MCTs

Snacks All groups

Curd 100ml/guava 100g/
milk 100ml/pistachios 
50g, vegetable soups, 

lemon water

Probiotics, 
vitamin C, 

electrolytes

Dinner

Non-
Vegetarian

150-300g lean meat/fish 
(especially fatty fish)

Omega-3, 
protein, reduced 

carbs

Vegetarian 100-200g paneer/
mushrooms + 30g cheese

Protein, reduced 
hepatic glucose 

load

required (15 subjects per predictor). Accounting for dropout, 
103 participants were enrolled.

Intervention Protocol The culturally adapted Paleolithic 
diet was designed by registered dietitians with expertise in South 
Asian cuisine and hepatic nutrition. The intervention emphasized 
foods traditionally consumed in South Asian populations while 
restricting hepatogenic carbohydrates.

Macronutrient Distribution: 25% carbohydrates (40-
50g daily), 15% protein, 60% healthy fats, with emphasis on 
hepatoprotective nutrients including omega-3 fatty acids, 
antioxidants, and fiber.

Permitted foods: Lean meats, fish (especially omega-3 
rich varieties), eggs, dairy products (paneer, cheese, ghee), 
nuts, seeds, non-starchy vegetables, limited low-glycemic fruits 
(guava, coconut).

Restricted foods: Grains (wheat, rice, millets), legumes, 
refined sugars, processed foods, high-fructose fruits, and 
hepatotoxic additives.

Individual caloric requirements were calculated using the 
Mifflin-St Jeor equation with activity factors. Iso-caloric meal 
plans were provided to ensure adequate nutrition while targeting 
hepatic function improvement.

Biochemical Analysis and Equipment
All biochemical parameters were assessed at baseline and 

12-week endpoint following an overnight fast (10-12 hours). 
Blood samples (10 mL venous blood) were collected in EDTA 
and plain vacutainer tubes under aseptic conditions by trained 
phlebotomists.

Hepatic Function Parameters: Serum alanine 
aminotransferase (ALT), aspartate aminotransferase (AST), 
alkaline phosphatase (ALP), and total bilirubin were measured 
using kinetic enzymatic methods on an automated clinical 
chemistry analyzer (Beckman Coulter AU680 Chemistry 
Analyzer, Brea, CA, USA). ALT and AST were measured 
by IFCC (International Federation of Clinical Chemistry) 
kinetic UV method without pyridoxal phosphate activation at 
37°C. ALP was measured by pNPP (p-nitrophenyl phosphate) 
kinetic method at 37°C. Total bilirubin was measured by diazo 
method (Jendrassik-Grof modified method). Quality control 
was performed using manufacturer-supplied control sera at 

two levels (normal and pathological ranges) with each batch. 
Inter-assay coefficient of variation was <3.5% for ALT, <3.2% 
for AST, <2.8% for ALP, and <4.1% for bilirubin. Intra-assay 
coefficient of variation was <2.0% for all hepatic parameters.

Glycemic Parameters: HbA1c was measured by high-
performance liquid chromatography (HPLC) using a Bio-Rad 
D-10 Hemoglobin Testing System (Bio-Rad Laboratories, 
Hercules, CA, USA) with National Glycohemoglobin 
Standardization Program (NGSP) certification and calibration 
traceable to the Diabetes Control and Complications Trial 
(DCCT) reference method. Measurement range: 3.1-18.5% with 
CV <2%. Fasting plasma glucose was measured by glucose 
oxidase-peroxidase (GOD-POD) enzymatic colorimetric 
method with linearity range 10-600 mg/dL. Serum insulin was 
quantified using chemiluminescent immunoassay (CLIA) on 
ADVIA Centaur XP Immunoassay System (Siemens Healthcare 
Diagnostics, Tarrytown, NY, USA) with analytical sensitivity of 
0.5 μIU/mL and functional sensitivity of 1.0 μIU/mL. HOMA-
IR (Homeostatic Model Assessment for Insulin Resistance) was 
calculated using the formula: [fasting insulin (μU/mL) × fasting 
glucose (mg/dL)] / 405.**

Lipid Profile: Total cholesterol, triglycerides, HDL-
cholesterol, and LDL-cholesterol were measured using 
enzymatic colorimetric methods on the Beckman Coulter 
AU680 automated analyzer. Total cholesterol was measured 
by CHOD-PAP (cholesterol oxidase-phenol aminophenazone 
peroxidase) method, triglycerides by GPO-PAP (glycerol-
3-phosphate oxidase-phenol aminophenazone peroxidase) 
method, and HDL-cholesterol by direct enzymatic colorimetric 
method with polyethylene glycol-modified enzymes. LDL-
cholesterol was calculated using the Friedewald equation for 
samples with triglycerides <400 mg/dL. All lipid assays were 
calibrated against CDC-certified reference materials. Inter-assay 
CVs were: total cholesterol <2.5%, triglycerides <3.0%, HDL 
<2.8%, LDL <3.2%. Internal quality control was maintained 
using commercial control sera (Bio-Rad Laboratories) at two 
levels (normal and abnormal ranges) with each analytical run. 
External quality assurance was maintained through participation 
in the External Quality Assessment Scheme (EQAS) conducted 
by the Christian Medical College, Vellore, India.

Anthropometric Measurements: Body weight was 
measured using a calibrated digital electronic weighing scale 
(Omron HBF-212, Omron Healthcare, Kyoto, Japan; accuracy 
±0.1 kg, capacity 150 kg) with participants in light clothing 
without footwear, after voiding, in the morning hours. Height 
was measured using a wall-mounted stadiometer (Seca 206, 
Seca GmbH, Hamburg, Germany; accuracy ±0.1 cm, range 70-
205 cm) with the participant standing erect, heels together, and 
head in the Frankfort horizontal plane. Body Mass Index (BMI) 
was calculated as weight (kg) divided by height squared (m²).

All measurements were performed by trained laboratory 
technicians who were blinded to participant grouping and 
treatment response status. All equipment was calibrated daily 
according to manufacturer specifications. Hepatic Steatosis 
Index (HSI) was calculated using the validated formula: HSI = 8 
× (ALT/AST ratio) + BMI (+2 if female, +2 if diabetes mellitus 
present).

Outcome Measures
Primary Outcomes (Hepatic Function):
1.	 Alanine aminotransferase (ALT) change
2.	 Alkaline phosphatase (ALP) change
3.	 Aspartate aminotransferase (AST) change
4.	 Total bilirubin change
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5.	 Hepatic steatosis index (HSI) = 8×(ALT/AST) + BMI 
(+2 if female, +2 if diabetes)

Hepatic treatment success defined as ≥20% ALT reduction, 
based on clinical significance thresholds from hepatology 
literature [14].

Response Classification and Non-Responder Definition
Participants were classified as 'Responders' or 'Non-

responders' based on hepatic treatment success criteria 
defined a priori. Responders were defined as participants 
who: (1) completed the full 12-week dietary intervention with 
documented adherence verified through bi-weekly dietary 
counseling sessions, food diary reviews, and 24-hour dietary 
recall interviews conducted by registered dietitians; AND (2) 
achieved ≥20% reduction in serum ALT levels from baseline to 
week 12. The 20% threshold was selected based on clinically 
significant ALT reductions reported in hepatology literature for 
NAFLD dietary interventions.

Non-responders were defined as participants who: (1) 
completed the full 12-week intervention with documented 
dietary adherence meeting the same criteria as responders 
(≥80% adherence to meal plans based on food diary analysis and 
bi-weekly counseling records), BUT (2) failed to achieve the 
≥20% ALT reduction threshold. Importantly, all 103 participants 
included in the final analysis demonstrated satisfactory dietary 
adherence for the complete 12-week period. Seven participants 
who discontinued the intervention prematurely (before week 
8) due to personal reasons (n=4), inability to maintain dietary 
adherence (n=2), or loss to follow-up (n=1) were excluded from 
both responder and non-responder classifications and are not 
included in this analysis.

Therefore, 'Non-responders' in this study specifically 
refers to participants who maintained documented dietary 
compliance and completed the full intervention protocol but 
did not demonstrate the predetermined biochemical response 
threshold (≥20% ALT reduction), rather than participants with 
poor adherence or intervention discontinuation. This distinction 
is critical for the validity of predictive modeling, as it identifies 
biological, metabolic, and baseline characteristic factors 
associated with differential treatment response independent 
of adherence behaviors. This approach enables the predictive 
model to focus on physiological predictors of response rather 
than behavioral compliance factors.

Secondary Outcomes:
1.	 Weight loss and BMI reduction
2.	 Glycemic control (HbA1c, insulin resistance)
3.	 Lipid profile improvements
Statistical Analysis
All statistical analyses were performed using SPSS version 

28.0 (IBM Corp., Armonk, NY, USA) and R software version 
4.3.0 (R Foundation for Statistical Computing, Vienna, Austria). 
The significance level was set at α = 0.05 for all tests, with 
Bonferroni correction applied for multiple comparisons where 
appropriate. Continuous variables expressed as means±standard 
deviations. Paired t-tests compared pre-post intervention values. 
Stepwise multiple regression identified independent predictors 
of hepatic response (% ALT reduction). Candidate predictors 
included baseline: age, BMI, ALT, AST, ALP, HbA1c, insulin, 
HOMA-IR, triglycerides, HDL, and total cholesterol. Receiver 
operating characteristic curves determined optimal baseline 
cutoffs for predicting treatment success. Area under curve 
(AUC), sensitivity, specificity, positive predictive value (PPV), 
and negative predictive value (NPV) were calculated.

Results 
Baseline Characteristics 103 participants (70 males, 33 

females) completed the 12-week intervention. Mean age was 
42.3±8.7 years with baseline BMI 29.6±2.8 kg/m². Treatment 
success (≥20% ALT reduction) was achieved by 48 participants 
(46.6%).

Significant improvements were observed across hepatic 
function parameters. ALT decreased from 28.1±18 to 23.3±13 
U/L (17.1% reduction, p<0.05). ALP showed substantial 
reduction from 75.2±21 to 69.6±19 U/L (7.4% reduction, 
p<0.01). The hepatic steatosis index improved significantly from 
38.2±6.4 to 34.1±7.2 (10.7% improvement, p<0.01).

Responders achieved 38.2±14.6% ALT reduction 
compared to 1.8±12.4% change in non-responders (p<0.001). 
Responders also showed greater ALP reduction (12.8±8.9% vs 
2.7±6.8%, p<0.001) and hepatic steatosis index improvement 
(15.4±7.2% vs 6.8±5.9%, p<0.001).

Table 2 Baseline Characteristics and 
Treatment Response Groups

Characteristic Overall 
(n=103)

Responders 
(n=48)

Non-
responders 

(n=55)
p-value

Age (years) 42.3±8.7 43.2±8.1 41.5±9.2 0.31

BMI (kg/m²) 29.6±2.8 30.1±2.9 29.2±2.6 0.09

Baseline ALT (U/L) 28.1±18.0 36.8±20.4 20.5±11.2 <0.001

Baseline ALP (U/L) 75.2±21.0 80.3±22.7 70.8±18.5 0.02

HOMA-IR 1.7±1.1 2.0±1.2 1.4±0.9 0.004

Triglycerides (mg/
dL) 140±77 161±85 122±64 0.008

HDL (mg/dL) 42.6±10.5 41.2±9.8 43.8±11.0 0.19

HbA1c (%) 6.6±4.4 7.2±4.8 6.1±3.9 0.18

Hepatic Steatosis 
Index 38.2±6.4 40.1±6.8 36.6±5.7 0.004

Table 3 Hepatic Function and Metabolic 
Parameters: Overall and by 
Response Groups

Parameter Overall 
Change

Responders 
(n=48)

Non-
responders 

(n=55)
p-value

PRIMARY HEPATIC OUTCOMES

ALT (U/L) -4.8±15.2 -14.1±7.9 +2.9±8.6 <0.001

ALT % change -17.1±28.4 -38.2±14.6 +1.8±12.4 <0.001

ALP (U/L) -5.6±16.4 -10.3±11.2 -1.9±7.8 <0.001

ALP % change -7.4±21.8 -12.8±8.9 -2.7±6.8 <0.001

HIS -4.1±6.8 -6.2±4.1 -2.3±3.6 <0.001

SECONDARY OUTCOMES

Weight loss (kg) -9.4±4.2 -10.8±3.9 -8.2±4.2 <0.001

BMI reduction -3.5±1.8 -4.0±1.7 -3.1±1.7 0.006

HbA1c change (%) -1.3±1.9 -1.7±2.2 -1.0±1.5 0.04

HOMA-IR change -0.7±1.1 -1.0±1.2 -0.4±0.8 0.003

Triglycerides 
change (mg/dL) -35±52 -48±46 -24±37 0.002
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Multiple Regression Analysis

ROC Analysis for Treatment Success Prediction

Table 4 Multiple Regression Analysis: 
Predictors of Hepatic Response

Predictor β 
Coefficient

Standard 
Error t-value p-value 95% CI

Baseline ALT 0.58 0.08 7.25 <0.001 0.42-
0.74

Baseline HOMA-
IR 0.34 0.09 3.78 <0.001 0.16-

0.52

Baseline 
Triglycerides 0.28 0.11 2.55 0.012 0.06-

0.50

Age -0.23 0.10 -2.30 0.024 -0.43 to 
-0.03

BMI 0.19 0.09 2.11 0.038 0.01-
0.37

Table 5 ROC Analysis: Optimal Cutoffs for 
Predicting Treatment Success

Predic-
tor AUC 95% 

CI
p- 

value

Opti-
mal 

Cutoff

Sensi-
tivity, 

%

Speci-
ficity, 

%

PPV, 
%

NPV, 
%

Baseline 
ALT 0.82 0.74-

0.90 <0.001 28.5 
U/L 81.3 74.6 74.2 81.6

Baseline 
HOMA-IR 0.69 0.58-

0.80 0.002 1.65 68.8 67.3 64.7 71.2

Baseline 
Trigly-
cerides

0.66 0.55-
0.77 0.008

135 
mg/
dL

64.6 63.6 62.0 66.0

Hepatic 
Steatosis 
Index

0.67 0.57-
0.77 0.005 38.0 66.7 65.5 64.0 68.1

Model Equation: % ALT Reduction = -18.2 + (0.72 × Baseline ALT) + 
(6.8 × Baseline HOMA-IR) + (0.08 × Baseline Triglycerides) - (0.28 × Age) 
+ (0.95 × BMI)
Model Validation: Cross-validation showed R² = 0.61, indicating good 
model stability.

Figure 1 – ROC curve for predicting treatment success

Correlation Analysis

Table 6 Correlation Analysis: Hepatic 
Function Improvements and 
Metabolic Parameters

Variables
ALT 

Reduc-
tion

ALP 
Reduc-

tion

HSI 
Impro-
vement

Weight 
Loss

HbA1c 
Reduc-

tion
ALT 
Reduction 1.00 0.58** 0.72*** 0.64*** 0.51**

ALP 
Reduction 0.58** 1.00 0.62*** 0.52** 0.44*

HSI Improve-
ment 0.72*** 0.62*** 1.00 0.71*** 0.58**

Weight Loss 0.64*** 0.52** 0.71*** 1.00 0.62***

HbA1c 
Reduction 0.51** 0.44* 0.58** 0.62*** 1.00

Insulin 
Reduction 0.48** 0.41* 0.55** 0.59** 0.76***

HOMA-IR 
Reduction 0.52** 0.46* 0.59** 0.61*** 0.78***

Triglyceride 
Reduction 0.61*** 0.48** 0.71*** 0.67*** 0.54**

*p<0.05, **p<0.01, ***p<0.001

Discussion
This study demonstrates that a culturally adapted low-

carbohydrate Paleolithic diet produces rapid hepatic function 
improvements in South Asian adults, with the novel contribution 
of predictive modeling enabling personalized intervention 
strategies. The development of validated predictive tools 
addresses a critical gap in personalized nutrition for NAFLD 
management.

Primary Finding: Predictive Modeling for Treatment 
Success

The multiple regression model explaining 64% of variance 
in hepatic response represents a signifi cant advancement 
in personalized NAFLD management. The identifi cation 
of baseline ALT (β=0.58), insulin resistance (β=0.34), and 
triglycerides (β=0.28) as independent predictors provides 
clinicians with evidence-based tools for patient selection and 
outcome prediction. The model's strong predictive accuracy and 
cross-validation stability (R² = 0.61) support its clinical utility.

The ROC analysis revealing baseline ALT >28.5 U/L as 
optimal predictor of treatment success (AUC = 0.82) provides 
a practical clinical threshold. This cutoff's high sensitivity 
(81.3%) and specifi city (74.6%) enable clinicians to identify 
patients most likely to benefi t from this intervention, optimizing 
resource allocation and treatment planning.

Hepatic Function Improvements: Mechanisms and 
Clinical Signifi cance

The substantial hepatic improvements observed (17.1% 
ALT reduction, 7.4% ALP reduction, 10.7% HSI improvement) 
exceed those typically achieved with general weight loss 
interventions and suggest specifi c hepatoprotective effects of 
the low-carbohydrate approach [15]. The greater response in 
participants with baseline ALT >28.5 U/L (34.2% reduction) 
indicates that individuals with existing hepatic dysfunction 
derive maximum benefi t.
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The mechanism underlying these improvements involves 
multiple pathways: reduced hepatic de novo lipogenesis 
through carbohydrate restriction, enhanced fatty acid oxidation, 
decreased insulin resistance, and improved hepatic insulin 
sensitivity [16]. The strong correlation between ALT reduction 
and insulin resistance improvement (r = 0.52) supports the 
central role of insulin sensitivity in hepatic function recovery.

Novel Contribution: Population-Specific Predictive 
Tools

This study addresses a critical gap in South Asian NAFLD 
management by developing the first validated predictive model 
for dietary intervention success in this population. The cultural 
adaptation of the Paleolithic diet, combined with predictive 
modeling, represents a novel approach to personalized hepatic 
health management. The high treatment success rate (46.6%) 
and robust predictive accuracy demonstrate the feasibility of this 
approach.

The predictive model's components (baseline ALT, insulin 
resistance, triglycerides) reflect the underlying pathophysiology 
of NAFLD in South Asian populations, where insulin resistance 
and dyslipidemia are primary drivers of hepatic dysfunction 
[17]. The negative association with age (β = -0.23) suggests 
that younger individuals may have greater capacity for hepatic 
function recovery.

Clinical Implications and Personalized Medicine
The predictive tools developed in this study enable 

clinicians to:
1.	 Risk Stratification: Identify patients most likely to 

benefit from dietary intervention using the ALT >28.5 U/L 
threshold

2.	 Resource Optimization: Focus intensive interventions 
on high-probability responders

3.	 Patient Counseling: Provide evidence-based 
expectations using the regression equation

4.	 Treatment Planning: Tailor intervention intensity based 
on predicted response probability

The combined logistic regression model achieving 
AUC = 0.87 demonstrates that multiple predictors provide 
superior accuracy compared to single biomarkers, supporting 
the development of comprehensive predictive algorithms for 
clinical practice.

Integrated Metabolic Benefits
The strong correlations between hepatic improvements 

and metabolic parameters (r = 0.52-0.72) demonstrate the 
integrated nature of metabolic health improvement. Responders 
achieved superior outcomes across all metabolic parameters, 
suggesting that hepatic function improvement serves as a marker 
of comprehensive metabolic recovery.

The concurrent improvements in insulin resistance 
(HOMA-IR reduction in responders) and triglycerides align with 
known mechanisms of hepatic fat reduction through improved 
insulin sensitivity and decreased hepatic lipogenesis [18]. These 
findings support the use of hepatic function markers as surrogate 
endpoints for metabolic health improvement.

Statistical Robustness and Clinical Validity
The multiple regression model's strong performance (R² = 

0.64) and cross-validation stability support its clinical reliability. 
The ROC analysis providing AUC values >0.8 for the primary 
predictor indicates excellent discriminative ability for clinical 
decision-making [19]. The model's equation enables precise 

probability calculations for individual patients, facilitating 
personalized treatment approaches.

Limitations and Future Directions
Study limitations include single-arm design, absence of 

histological validation, and short-term follow-up. The predictive 
model requires external validation in independent South Asian 
populations. Future research should include randomized 
controlled trials with histological endpoints, longer-term follow-
up to assess sustainability of predictions, external validation in 
diverse populations, and cost-effectiveness analysis of predictive 
model implementation.

Conclusion 
This study provides the first evidence-based predictive 

model for hepatic function improvement with culturally adapted 
dietary intervention in South Asian adults. The identification 
of baseline ALT >28.5 U/L as optimal predictor of treatment 
success, combined with the multiple regression model explaining 
64% of response variance, enables personalized approaches to 
NAFLD management in this population.

The substantial hepatic improvements (17.1% ALT 
reduction, 7.4% ALP reduction) integrated with comprehensive 
metabolic benefits support the clinical utility of this intervention. 
The predictive tools developed enable clinicians to optimize 
patient selection, resource allocation, and treatment planning, 
representing a significant advancement in personalized nutrition 
for hepatic health.

These findings have important implications for NAFLD 
prevention and management in South Asian populations, 
providing evidence-based tools for implementing culturally 
adapted dietary interventions with predicted outcomes. The 
integration of predictive modeling with intervention effectiveness 
represents a novel approach to personalized hepatic health 
management.
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ABSTRACT
Introduction. Kazakhstan's healthcare system, which has implemented 

accreditation since 2010, emphasizes risk management, and with the rise in 
gynecological hospitalizations in Almaty, it is crucial to assess the preparedness 
of gynecological departments to ensure patient safety.

Aim: to explore risk management organization in gynecological 
departments of hospitals in Almaty.

Methods. In 2024, a cross-sectional survey was conducted among 
gynecologists and nurses in Almaty's multifunctional hospitals. The survey 
included 63 gynecologists and 45 nurses, with a sample size calculated based 
on a 95% confidence level and 5% margin of error. Data analysis was performed 
using chi-square tests and processed with MS Excel and SPSS, ensuring reliable 
results for comparing responses between the two groups.

Results. The majority of respondents (over 10 years of experience) 
reported that patient safety updates were provided regularly, but concerns 
about inadequate financial resources and infrastructure persisted, with 43.5% 
believing that the hospital employs risk management specialists. A third of 
respondents felt that the hospital's risk management efforts were insufficient, 
and more than half appreciated training in patient safety, though about a third 
felt it was inadequate. Statistically significant differences were observed, with 
30.2% of doctors and 24.4% of nurses reporting errors detected before reaching 
the patient (p=0.006), and 59.3% of respondents reported no patient safety 
events in the past 12 months. Nurses rated their departments more positively 
than doctors, with 60% rating safety as satisfactory, while 36.5% of doctors felt 
management only focused on patient safety after an adverse event occurred 
(p<0.001).

Conclusion. This study highlights patient safety challenges in Almaty 
hospitals, including inadequate resources, infrastructure, and training, while 
emphasizing the need for better communication and improvements in safety 
ratings from both doctors and nurses.

Keywords: gynecology, risk management, quality of care, hospital.
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Introduction
Policymakers play an important role in achieving 

universal health coverage (UHC) by designing and 
executing policies that ensure all people have access to 
critical health care without incurring financial hardship 
[1,2]. To promote excellent health outcomes, UHC 
demands not just increased access to healthcare but also 
improved service quality. 

Quality of care refers to how well healthcare 
services offered to individuals or groups fulfill defined 
criteria, are effective, and enhance patient outcomes [3,4]. 
It has multiple characteristics, including safety,  patient-
centeredness, timeliness, efficiency, and equity. High-
quality care entails providing the right care at the right time, 
with an emphasis on avoiding harm, improving the patient 
experience, and tailoring care to individual requirements. 
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A good safety culture within an organization assures service 
users, staff, and the public that there is a commitment to 
providing high-quality, safe, and effective care. Robust risk 
management includes a blame-free reporting culture and 
learning from clinical errors, as well as a proactive approach to 
measuring patient safety indicators [5].

In order to ensure patient safety and uphold high standards 
of care, risk management is crucial in hospitals. It improves 
overall clinical results by preventing medical errors, which 
can result in patient damage and liability claims. Proper risk 
management leads to a safer environment for both patients 
and workers [6,7]. However, the findings indicate that many 
physicians do not feel free to report errors. Research on physician 
decision making (e.g., the person-who effect, regret avoidance, 
and the availability heuristic) may provide useful insights 
into medical error reporting issues [8]. According to studies 
conducted in both developing and developed countries, variables 
such as supply shortages, a lack of skilled workers, delayed 
care, and poor communication all contribute to medical errors 
and adverse outcomes. These concerns, including second and 
third-order delays in care, are frequently caused by inadequate 
infrastructure, referral mechanisms, and coordination, all of 
which increase the chance of errors [9,10]. In wealthy countries, 
delays may occur as a result of fragmented healthcare systems 
or a lack of continuity of care [11]. Medical record reviews, 
while essential, may be hampered by biases and inadequate data, 
which fail to capture all systemic or environmental elements that 
contribute to errors [12]. Therefore, implementation process for 
open discussion is important, for instance, Northwell Health's 
Obstetrics and Gynecology Service Line implemented a weekly 
Safety Call, contributing to a 19% decrease in adverse outcomes 
and significant reductions in insurance premiums by fostering 
collaboration, identifying risks, and improving patient safety 
across its 10 maternity hospitals [13]. 

While medical errors and adverse events are frequently 
documented in general medicine and surgery, less is known 
about errors in obstetrics and gynecology. The study discovered 
that existing hospital reporting systems missed several errors, 
particularly those involving communication and cooperation 
in obstetrics and gynecology. Physician participation in the 
reporting process, which was integrated into teaching rounds, 
proved useful in detecting errors that were not caught by 
traditional approaches [14]. 

The healthcare system of Kazakhstan aims to improve 
the quality of medical care, and in this regard, the accreditation 
process has been in place since 2010 [15]. One of the standards 
of the accreditation process is risk management, which is an 
important element in ensuring safe care for patients [16]. In recent 
years, there has been an increase in hospitalization of women 
with gynecological diseases [17] in Almaty city. Accordingly, 
it is important to study how gynecological departments are 
prepared to ensure patient safety in existing inpatient settings. 
Thus, the aim of our study is to examine how risk management, 
particularly risk identification, mitigation strategies and 
monitoring practices organized in the gynecological departments 
of hospitals in Almaty.

Methods 
A cross-sectional survey of gynecologists working in 

Almaty's multifunctional hospitals was undertaken in 2024. 
The questionnaire, developed by the authors based on existing 
literature, was designed to evaluate the unit's performance, 
the role of branch managers, and communication practices in 

gynecologic department. To assess content validity, the initial 
draft was reviewed by a panel of the three experts in gynecology 
and two specialists in healthcare quality and clinical audit. 
Additionally, validity was evaluated through a pilot test with 
ten gynecologists and nurses, who were not included in the final 
analysis. Participants were selected using purposive sampling 
approach based on following criteria: current employment in a 
gynecology department (gynecologists and nurses) of Almaty's 
multifunctional hospitals, and direct involvement in patient care. 
Participation was voluntary and anonymous, and the survey was 
administered online via Google Forms in collaboration with 
the Health Department and hospital management. This method 
ensured that only those with appropriate professional roles 
and experience contributed to the findings, thereby enhancing 
the relevance of the data, though it may limit generalizability 
beyond this specific clinical setting.

There were 67 gynecologists and 53 nurses registered in the 
city's hospital gynecology departments. Using a cross-sectional 
study design method, the required sample size was determined 
to be 57 gynecologists and 47 nurses, with a 95% confidence 
level and a 5% margin of error. To account for possibly partial 
responses and boost the trustworthiness of the data, we sought 
to include a greater number of respondents, resulting in the 
gathering of 63 completed questionnaires from gynecologists 
and 45 from nurses. 

We used the chi-square (χ²) test to compare replies between 
gynecologists and nurses. This test examines categorical 
variables: socio-demographic variables (profession and work 
experience) and 40 core variables, related to risk management 
structures, patient safety practices, reporting behavior, and 
perceptions of hospital management. We determined statistical 
significance by comparing the generated χ² statistic to the crucial 
value. If the statistic surpassed the critical value, we rejected the 
null hypothesis, indicating a significant difference.

All statistical analyses were carried out with MS Excel 
and SPSS13, ensuring accurate and trustworthy data processing. 
The Local Committee on Bioethics in Kazakhstan (IRB-A832, 
21 May 2024) extensively reviewed and approved the study 
design, verifying that it met ethical standards and procedures for 
conducting research involving human participants.

Results 
A total of 108 healthcare professionals participated in the 

study, including 63 gynecologists and 45 nurses working in 
gynecology departments of multifunctional hospitals in Almaty. 
The majority of respondents (63.0%) had more than 11 years 
of professional experience, with 65.1% of gynecologists and 
60.0% of nurses falling into this category. 

Approximately half of the participants in both groups stated 
that responsible persons have provided regular information 
regarding patient safety actions during the previous 12 months, 
and that the coordinator's role in promoting patient safety is 
primarily focused on risk management activities. Notably, 
43.5% of respondents, including the highest proportion of nurses 
(51.1%), believed that the hospital employs specialists with a 
formal workload dedicated to risk management operations, while 
46% of doctors and 40% of nurses disagreed. More over one-
third of respondents in both categories expressed worry that the 
hospital does not commit enough financial resources to promote 
patient safety measures and lacks the physical infrastructure to 
assure safety. On a positive note, more than half of respondents 
praised the hospital's efforts to train its employees in areas such 
as risk management, quality management, and patient safety, 
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Table 1 Risk Management in Hospital

Questions Gynecologists - 
n (%)

Nurse - n 
(%)

Nurse - n 
(%) Total

Work experience

Less than 1 year n (%) P value 0.807
1 to 5 years 8 (12.7) 7(15.6) 15(13.9)

6 to 10 years 12 (19.0) 8(17.8) 20(18.5)
11 or more years 41 (65.1) 27(60.0) 68(63.0)

Total 63 (100.0) 45(100.0) 108(100.0)

Have you been provided with a progress report on 
patient safety in the last 12 months

Yes, clear enough; 29 (47.5) 26(57.8) 55(51.9) 0.018
Yes, but not clear enough 8 (13.1) 12(26.7) 20(18.9)

No 24 (39.3) 7(15.6) 31(29.2)
Total 61 (100.0) 45(100.0) 106(100.0)

Does the hospital have a formal workload dedicated to 
risk management activities

yes 24 (38.1) 23(51.1) 47(43.5) 0.328
no 29 (46.0) 18(40.0) 47(43.5)

other 10 (15.9) 4(8.9) 14(13.0)
Auditor probably 1 (1.6) 1(0.9)

Total 64 45 109

Is the patient safety improvement coordinator dedicated 
exclusively to risk management activities

yes 29 (46.0) 29(64.4) 58(53.7) 0.144

no 8 (12.7) 5(11.1) 13(12.0)
We do not have such a 

specialist 26(41.3) 11(24.4) 37(34.3)

Total 63 (100.0) 45(100.0) 108

Are financial resources allocated to promote patient 
safety activities

Yes, but not enough 20(31.7) 15(33.3) 35(32.4) 0,217
Yes 19(30.2) 20(44.4) 39(36.1)
No 15(23.8) 8(17.8) 23(21.3)

I don't know 9(14.3) 2(4.4) 11(10.2)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital have adequate physical infrastructure 
to ensure patient safety

Yes, but not enough 25(39.7) 18(40.0) 43(39.8) 0.923
Yes 31(49.2) 23(51.1) 54(50.0)
No 4(6.3) 3(6.7) 7(6.5)

I don't know 3(4.8) 1(2.2) 4(3.7)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital provide sufficient resources to 
implement risk management activities

Yes, but not enough 26(41.3) 21(46.7) 47(43.5) 0.612
Yes 30(47.6) 22(48.9) 52(48.1)
No 2(3.2) 1(2.2) 3(2.8)

I don't know 5(7.9) 1(2.2) 6(5.6)
Total 63 (100.0) 45(100.0) 108 (100.0)

Has the hospital facilitated the training of its staff in this 
area (risk management, quality management, patient 

safety, etc.)

Yes, but not enough; 19(30.2) 13(28.9) 32(29.6) 0.955
Yes, quite clearly 32(50.8) 25(55.6) 57(52.8)

No 7(11.1) 5(11.1) 12(11.1)
I don't know 3(4.8) 1(2.2) 4(3.7)

At my own expense, 
tuition 2(3.2) 1(2.2) 3(2.8)

Total 63 (100.0) 45(100.0) 108 (100.0)

Has a safety culture assessment been conducted in the 
last 12 months

Yes, but not enough 18(28.6) 11(24.4) 29(26.9) 0.260
Yes 30(47.6) 29(64.4) 59(54.6)
No 8(12.7) 2(4.4) 10(9.3)

I don't know 7(11.1) 3(6.7) 10(9.3)
Total 63 (100.0) 45(100.0) 108 (100.0)

Have the results of the safety culture assessment been 
communicated to clinical. administrative and care staff

Yes. but not enough 15(23.8) 8(17.8) 23(21.3) 0.288
Yes 30(47.6) 29(64.4) 59(54.6)
No 10(15.9) 3(6.7) 13(12.0)

I don't know 7(11.1) 3(6.7) 10(9.3)
Total 63 (100.0) 45(100.0) 108 (100.0)

Following the safety culture assessment. have any 
interventions been implemented to improve the findings 

identified in the assessment

Yes. but not enough 17(27.0) 14(31.1) 31(28.7) 0.552
Yes 31(49.2) 26(57.8) 57(52.8)
No 8(12.7) 2(4.4) 10(9.3)

I don't know 5(7.9) 2(4.4) 7(6.5)
Lack of funding. But there 

is a plan 2(3.2) 1(2.2) 3(2.8)

Total 63 (100.0) 45(100.0) 108 (100.0)
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Does the hospital use an internal incident reporting 
system

Yes. but not enough 16(25.4) 10(22.2) 26(24.1) 0.866
Yes 44(69.8) 32(71.1) 76(70.4)
No 3(4.8) 3(6.7) 6(5.6)

Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital monitor compliance with international 
patient safety targets

Yes. but not enough 17(27.0) 9(20.0) 26(24.1) 0.471
Yes 38(60.3) 29(64.4) 67(62.0)
No 3(4.8) 5(11.1) 8(7.4)

I don't know 5(7.9) 2(4.4) 7(6.5)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital use outcome indicators to identify risks

Yes. but not enough 6(9.5) 2(4.4) 8(7.4) 0.316
Yes 44(69.8) 38(84.4) 82(75.9)
No 8(12.7) 4(8.9) 12(11.1)

I don't know 5(7.9) 1(2.2) 6(5.6)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital have a death review committee that has 
met in the last six months (minutes)

Yes. but not enough 12(19.0) 10(22.2) 22(20.4) 0.870
Yes 44(69.8) 32(71.1) 76(70.4)
No 5(7.9) 2(4.4) 7(6.5)

I don't know 2(3.2) 1(2.2) 3(2.8)
Total 63 (100.0) 45(100.0) 108 (100.0)

Is direct observation used to identify risks? (e.g. hand 
hygiene checks. contact precautions for isolated patients. 

protective barriers when introducing central

Yes. but not enough 10(15.9) 7(15.6) 17(15.7) 0.435
Yes 48(76.2) 37(82.2) 85(78.7)
No 5(7.9) 1(2.2) 6(5.6)

Total 63 (100.0) 45(100.0) 108 (100.0)

Does the security staff conduct walk-throughs of areas to 
identify risks

Yes. but not enough 13(20.6) 7(15.6) 20(18.5) 0.296
Yes 39(61.9) 35(77.8) 74(68.5)
No 4(6.3) 1(2.2) 5(4.6)

I don't know 7(11.1) 2(4.4) 9(8.3)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital use tools for qualitative analysis of 
causes and contributing factors for patient safety (flow 

chart. cause and effect diagram. brainstorming. etc.)

Yes. but not enough 7(11.1) 8(17.8) 15(13.9) 0.350
Yes 38(60.3) 20(44.4) 58(53.7)
No 5(7.9%) 3(6.7%) 8(7.4%)

I don't know 13(20.6%) 14(31.1%) 27(25.0%)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital use tools for quantitative analysis 
of causes or contributing factors of risks (histogram. 

stratification. Pareto chart. and control chart)

Yes. but not enough 7(11.1%) 10(22.2) 17(15.7) 0.273
Yes 34(54.0%) 18(40.0) 52(48.1)
No 1(1.6) 2(4.4) 3(2.8)

I don't know 21(33.3) 15(33.3) 36(33.3)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital use any risk prioritization matrix based 
on criteria of severity and frequency of events. Affecting 

patient safety

Yes. but not enough 7(11.1) 7(15.6) 14(13.0) 0.633
Yes 27(42.9) 20(44.4) 47(43.5)
No 2(3.2) 3(6.7) 5(4.6)

I don't know 27(42.9) 15(33.3) 42(38.9)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the quality specialist assess the adequacy of 
measures to control or reduce patient or other risks

Yes. but not enough 11(17.5) 9(20.0) 20(18.5) 0.286
Yes 32(50.8) 24(53.3) 56(51.9)
No 2(4.4) 2(1.9)

I don't know 20(31.7) 10(22.2) 30(27.8)
Total 63 (100.0) 45(100.0) 108 (100.0)

Has the hospital implemented key clinical protocols for 
patient safety

Yes. but not enough 8(12.7) 8(17.8) 16(14.8) 0.865

Yes 40(63.5) 27(60.0) 67(62.0)
No 2(3.2) 2(4.4) 4(3.7)

I don't know 13(20.6) 8(17.8) 21(19.4)
Total 63 (100.0) 45(100.0) 108 (100.0)

Has the hospital implemented action plans in response to 
adverse events investigated

Yes. but not enough 5(7.9) 8(17.8) 13(12.0) 0.308
Yes 38(60.3) 25(55.6) 63(58.3)
No 1(1.6) 2(4.4) 3(2.8)

I don't know 19(30.2) 10(22.2) 29(26.9)
Total 63 (100.0) 45(100.0) 108 (100.0)
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Does the hospital describe the person responsible for 
implementing risk mitigation activities

Yes. but not enough 3(4.8) 9(20.0) 12(11.1) 0.058
Yes 35(55.6) 23(51.1) 58(53.7)
No 2(3.2) 2(1.9)

I don't know 23(36.5) 13(28.9) 36(33.3)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital describe a schedule for implementing 
risk mitigation activities

Yes. but not enough 7(11.1) 8(17.8) 15(13.9) 0.299
Yes 33(52.4) 27(60.0) 60(55.6)
No 2(3.2) 2(1.9)

I don't know 21(33.3) 10(22.2) 31(28.7)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital describe and measure the 
implementation and effectiveness of risk mitigation 

activities

Yes. but not enough 8(12.7) 8(17.8) 16(14.8) 0.508
Yes 29(46.0) 24(53.3) 53(49.1)
No 1(1.6) 1(.9)

I don't know 25(39.7) 13(28.9) 38(35.2)
Total 63 (100.0) 45(100.0) 108 (100.0)

Does the hospital describe the resources needed for risk 
mitigation activities in the delivery of care

Yes. but not enough 13(20.6) 13(28.9) 26(24.1) 0.539
Yes 30(47.6) 21(46.7) 51(47.2)

I don't know 20(31.7) 11(24.4) 31(28.7)
Total 63 (100.0) 45(100.0) 108 (100.0)

Is reporting of adverse events (open disclosure of errors) 
standardized to patients through any institutional norms. 

protocol. or policy

Yes. but not enough 16(25.4) 15(33.3) 31(28.7) 0.808
Yes 26(41.3) 18(40.0) 44(40.7)
No 5(7.9) 3(6.7) 8(7.4)

I don't know 16(25.4) 9(20.0) 25(23.1)
Total 63 (100.0) 45(100.0) 108 (100.0)

Has the hospital completed the full risk management 
cycle (identification. analysis. assessment. risk mitigation. 

and risk monitoring) in the past 12 months

Yes. but not enough 12(19.0) 14(31.1) 26(24.1) 0.270
Yes 27(42.9) 19(42.2) 46(42.6)

I don't know 24(38.1) 12(26.7) 36(33.3)
Total 63 (100.0) 45(100.0) 108 (100.0)
Yes 27(42.9) 19(42.2) 46(42.6)

I don't know 24(38.1) 12(26.7) 36(33.3)
Total 63 (100.0) 45(100.0) 108 (100.0)

Table 2 Patient Safety Assessment

Questions Gynecologists - n 
(%)

Nurse – n 
(%) Total – n (%) P value

When an error is detected and corrected before it 
reaches a patient. how often is it reported

Never 15 (23.8) 10 (22.2) 25 (23.1) 0.006
Rarely 21 (33.3) 6 (13.3) 27 (25.0)

Sometimes 4 (6.3) 11 (24.4) 15 (13.9)
Most of the time   4 (8.9) 4 (3.7)

Always 19 (30.2) 11 (24.4) 30 (27.8)
Non-applicable or I don't know 4 (6.3) 3 (6.7) 7 (6.5)

Total 63 (100.0) 45(100.0) 108 (100.0)

When an error reaches a patient and could 
have caused harm but does not. how often is it 

reported

Never 20 (31.7) 3 (6.7) 23 (21.3) 0.002

Rarely 8 (12.7) 10 (22.2) 18 (16.7)
Sometimes   3 (6.7) 3 (2.8)

Most of the time 8 (12.7) 14 (31.1) 22 (20.4)
Always 23 (36.5) 12 (26.7) 35 (32.4)

Non-applicable or I don't know 4 (6.3) 3 (6.7) 7 (6.5)
Total 63 (100.0) 45(100.0) 108 (100.0)

How many patient safety events have you 
reported in the last 12 months

none 44 (69.8) 20 (44.4) 64 (59.3) 0.001
1 to 2 7 (11.1) 15 (33.3) 22 (20.4)
3 to 5 4 (6.3) 10 (22.2) 14 (13.0)

6 to 10 4 (6.3)   4 (3.7)
11 or more 4 (6.3)   4 (3.7)

Total 63 (100.0) 45(100.0) 108 (100.0)

How would you rate your department/work area 
for patient safety

Bad   3 (6.7) 3 (2.8) 0.001
Satisfactory 17 (27.0) 27 (60.0) 44 (40.7)

Good 19 (30.2)   19 (17.6)
Very good 15 (23.8) 15 (33.3) 30 (27.8)
Excellent 12 (19.0)   12 (11.1)

Total 63 (100.0) 45(100.0) 108 (100.0)
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Table 3 Hospital Management’s Actions on Risk Management

Questions Gynecologists– n (%) Nurse –  n (%) Total – n (%) P value

The hospital's management's 
actions show that patient safety is 

a top priority

Strongly disagree 12(19.0) 3(6.7) 15(13.9) 0.005

Disagree 4(6.3) 11(24.4) 15(13.9)
Neither agree nor disagree 8(12.7) 3(6.7) 11(10.2)
Agree 31(49.2) 17(37.8) 48(44.4)
Completely agree 8(12.7) 7(15.6) 15(13.9)

Not applicable or don't 
know   4(8.9) 4(3.7)

Total 63 (100.0) 45(100.0) 108 (100.0)

Hospital management provides 
sufficient resources to improve 

patient safety

Strongly disagree 12(19.0) 10(22.2) 22(20.4) 0.079

Disagree 4(6.3) 4(8.9) 8(7.4)
Neither agree nor disagree 8(12.7) 3(6.7) 11(10.2)
Agree 27(42.9) 21(46.7) 48(44.4)
Completely agree 12(19.0) 3(6.7) 15(13.9)
Not applicable or don't 
know   4(8.9) 4(3.7)

Total 63 (100.0) 45(100.0) 108 (100.0)

Hospital management seems to 
be interested in patient safety 

only after an adverse event has 
occurred

Strongly disagree 16(25.4) 3(6.7) 19(17.6) 0.001
Disagree 16(25.4) 14(31.1) 30(27.8)
Neither agree nor disagree 4(6.3) 7(15.6) 11(10.2)
Agree 23(36.5) 3(6.7) 26(24.1)
Completely agree 4(6.3) 3(6.7) 7(6.5)
Not applicable or don't 
know   15(33.3) 15(13.9)

Total 63 (100.0) 45(100.0) 108 (100.0)

Crucial information is often 
missed when patients are 

transferred from one department 
to another

Strongly disagree 16(25.4) 14(31.1) 30(27.8) 0.003
Disagree 19(30.2) 7(15.6) 26(24.1)
Neither agree nor disagree 4(6.3) 6(13.3) 10(9.3)
Agree 12(19.0)   12(11.1)
Completely agree 4(6.3) 3(6.7) 7(6.5)
Not applicable or don't 
know 8(12.7) 15(33.3) 23(21.3)

Total 63 (100.0) 45(100.0) 108 (100.0)

Crucial information about patient 
care is often missed during shift 

changes

Strongly disagree 24(38.1) 11(24.4) 35(32.4) 0.001
Disagree 15(23.8) 11(24.4) 26(24.1)
Neither agree nor disagree 4(6.3) 6(13.3) 10(9.3)
Agree 12(19.0)   12(11.1)
Completely agree 4(6.3) 13(28.9) 17(15.7)
Not applicable or don't 
know 4(6.3) 4(8.9) 8(7.4)

Total 63 (100.0) 45(100.0) 108 (100.0)

There is ample time during shift 
changes to exchange all key 

patient care information

Strongly disagree 16(25.4) 7(15.6) 23(21.3) 0.013
Disagree 16(25.4) 7(15.6) 23(21.3)
Neither agree nor disagree   7 (15.6) 7 (6.5)
Agree 15 (23.8) 7 (15.6) 22 (20.4)
Completely agree 12 (19.0) 13 (28.9) 25 (23.1)
Not applicable or don't 
know 4 (6.3) 4 (8.9) 8 (7.4)

Total 63 (100.0) 45(100.0) 108 (100.0)

Your comments

The building is old. the 
elevator is terrible. there are 
no conditions in the hospital 
for the staff

  4 (8.9) 4 (3.7) 0.010

Bring joint liability to the 
patients themselves 4 (6.3)   4 (3.7)

Total 63 (100.0) 45(100.0) 108 (100.0)



86
Journal of Clinical Medicine of Kazakhstan: 2025 Volume 22, Issue 6

albeit roughly one-third felt that the training was insufficient. 
Overall, over half of respondents thought risk management in the 
hospital was obvious and adequate, while about a third thought 
it was insufficient (Table 1). It is crucial to note, however, that 
the responses of the two groups of respondents did not differ 
statistically significantly.

It is statistically significant that about a third of doctors 
(30.2%) and nurses (24.4%) report errors that are detected and 
corrected before they reach the patient p=0.006. While a greater 
number of doctors (36.55) always and most of the time nurses 
(31.1%) report errors that reach the patient and could have 
harmed him/her, but did not p=0.002. The greatest number of 
respondents in both groups did not report patient safety events, 
59.3% reported them in the last 12 months, while the remaining 
20.4% reported 1-2 incidents p<0.001. The greatest number of 
nurses rated their department/work area in terms of patient safety 
as satisfactory (60.0%), while about a third of doctors rated it as 
satisfactory (27.0%) and good (30.2%) p<0.001 (Table 2). The 
answer to the question about the hospital management actions 
showing that patient safety is the top priority was mixed, with 
about half agreeing with this statement, while the rest were not 
entirely in agreement (p=0.005). More than a third of doctors 
(36.5%) agreed that the hospital management seemed interested 
in-patient safety only after an adverse event occurred, while 
33.3% of nurses said they did not know this question (p<0.001). 
The largest number of respondents in both groups (52.5%) 
disagreed with the statement that important information is often 
missed when transferring patients from one department to another 
(p=0.003), as well as important information about patient care is 
often missed during shift changes 56.5%  (p<0.001), Table 3.

Additional wishes among doctors respondents noted the 
importance of joint responsibility of the patients themselves 
6.3%, while among nurses the old building and lack of working 
conditions in the hospital 8.9% (Table 3).

Discussion
Perceptions of patient safety among healthcare workers 

can be measured by measuring clinical staff attitudes and 
beliefs in order to raise awareness and implement procedures 
that will promote patient safety culture [18,19]. In our survey, 
both physicians and nurses felt that training was adequate, albeit 
around one-third stated that more training was required. As a 
result, it is critical for gynaecology department managers to 
identify future training requirements to increase patient safety 
and risk management. In addition, fostering an institutional 
patient safety culture is critical for reducing burnout and 
improving work-life balance for all hospital employees, 
making it a worthwhile investment for medical institutions. 
Initiatives include increasing staffing, providing training, 
improving communication, and offering employee support  
programs [20].

Patient safety culture in hospitals in the Netherlands, 
Taiwan, and the United States revealed that teamwork within 
departments was high in all three countries, but handovers 
and transitions were noted as a weakness [21]. In our study, 
information transfer from management to personnel was also 
inadequate, whereas handovers between shifts were regarded 
highly by respondents.

We found that a third of doctors and nurses reported 
errors detected and corrected before reaching the patient, while 
a larger proportion reported errors that reached the patient 
but did not cause harm, with significant differences in safety 

event reporting and department safety ratings between doctors 
and nurses. These differences warrant further exploration to 
understand what factors contribute to discrepancies in reporting 
practices. Potential influences may include differences in 
professional roles, perceptions of responsibility, or varying 
levels of confidence in institutional support following reporting. 
Understanding these dynamics could help tailor interventions 
that foster open communication, improve trust in reporting 
systems, and encourage consistent safety practices across 
professional groups [22,23]. 

Establishing patient safety reporting systems is critical for 
improving treatment because it allows healthcare institutions 
to gather, evaluate, and share data on incidents such as 
adverse events, near misses, and medical errors [24]. Hospital 
management's prioritization of patient safety was viewed 
positively by half of the respondents, with many physicians 
believing management only addresses safety after an adverse 
event, while a significant portion of nurses were uncertain. 
However, effective risk management in healthcare requires 
a top-down, interprofessional team approach, with managers 
playing a crucial role in implementing policies, assessing non-
clinical risks, and ensuring compliance with legal standards. A 
comprehensive framework, based on the ISO31000 model, guides 
managers in conducting risk assessments and using appropriate 
tools to enhance patient safety and minimize potential harm. 
By adopting these risk management techniques, healthcare 
organizations can improve service effectiveness, prevent adverse 
events, and ensure legal compliance, thereby reducing the need 
for compensation and insurance claims [25-27]. Improving 
patient safety reporting systems is essential to address gaps 
identified in the study. A key measure is establishing a blame-
free, non-punitive culture where healthcare workers feel safe 
reporting errors. This can be achieved by ensuring anonymity, 
clear communication channels, and focusing on learning from 
mistakes rather than assigning blame. Hospitals should provide 
regular training on the value of reporting and involve leadership 
in creating a transparent environment. Management must 
acknowledge reports, take prompt action, and provide feedback 
to those who submit them. A supportive reporting system 
helps prevent future errors, builds trust, and fosters continuous 
improvement. Additionally, insights from these reports can lead 
to systemic changes, improving safety outcomes by identifying 
trends and implementing corrective actions [28,29].  

Strength and limitation of the study. This study's strengths 
include a purposive sampling approach that ensured inclusion 
of all eligible gynecologists and nurses directly involved in 
gynecological care in Almaty’s multifunctional hospitals, 
enhancing the relevance and applicability of the findings 
within this clinical setting. The questionnaire was carefully 
developed based on existing literature, reviewed by experts, and 
pilot tested. The achieved sample size exceeded the calculated 
minimum, increasing the robustness of the data. Inclusion of both 
gynecologists and nurses provided a comprehensive view of risk 
management practices from different professional perspectives. 
However, the study has several limitations. First, while the 
survey was anonymous, self-reported data may be influenced by 
social desirability or recollection biases, which could impair the 
accuracy of responses. Second, the study was done in Almaty 
hospitals, which may not be representative of the entire country, 
limiting the findings' applicability to other parts of Kazakhstan 
or similar healthcare systems. Third, the cross-sectional 
methodology collects data at a particular point in time, restricting 
the investigation of long-term trends or changes in patient safety 
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procedures and risk management techniques. Finally, the study 
focused on healthcare professionals' perceptions and self-
reported experiences, which may not accurately reflect actual 
practices or the effectiveness of risk management techniques in 
the hospital setting. 

Future steps: To translate these findings into real-world 
impact, results should be shared with key stakeholders—such 
as hospital administrators, policymakers, and quality assurance 
experts—through policy briefs, professional forums, and 
collaborative workshops. Quality improvement specialists play 
a vital role in turning these insights into practice by working with 
clinical staff to design and implement targeted interventions. 
Based on our results, the top actionable recommendations 
include: (1) enhancing training programs tailored to identified 
gaps in patient safety knowledge and communication practices; 
(2) establishing robust, anonymous error reporting systems to 
promote a culture of transparency and continuous improvement; 
and (3) allocating financial and human resources to support 
staffing needs and implement institutional risk management 
frameworks. These steps are essential to strengthen patient 
safety culture and reduce preventable harm in gynecology 
departments and beyond. Additionally, future research could 
use longitudinal designs to evaluate changes in patient safety 
practices and risk management techniques over time, providing 
information about the effectiveness of implemented measures. 
Expanding the study to include hospitals outside of Almaty 
would provide a more complete picture of risk management in 
Kazakhstan's gynecological departments and other healthcare 
settings. Furthermore, conducting in-depth qualitative research 
with healthcare workers, such as interviews or focus groups, 
could elicit the underlying causes of their replies and provide 
more extensive insights into the problems and barriers to 
successful risk management. Finally, adding patient perspectives 
through patient-centered studies would aid in assessing their 
experiences with patient safety measures, so contributing to 
improvements in treatment from both provider and patient  
perspectives.

Conclusion 
This study identifies both strengths and gaps in patient safety 

and risk management in Almaty gynecology departments, with 

concerns around training, infrastructure, and communication. 
Despite some early error detection, many incidents still reach 
patients, highlighting the need for systemic improvements. 
Sharing findings with stakeholders through policy briefs and 
workshops can help drive change. Quality experts should lead 
efforts to implement targeted training, establish anonymous 
reporting systems, and allocate adequate resources. These 
actions are critical to building a stronger safety culture and 
reducing preventable harm.
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ABSTRACT
Background: Breast cancer remains one of the leading causes of cancer-

related deaths among women globally. Early detection through mammographic 
screening significantly improves survival rates, but the interpretation of 
mammograms is time-consuming and requires extensive expertise.  

Methods: We utilized six publicly available datasets, preprocessing 
paired craniocaudal (CC) and mediolateral oblique (MLO) views into dual-
view concatenated images. Three vision-language models (VLMs)—Quantized 
Qwen2-VL-2B, Quantized SmolVLM (Idefics3-based), and MammoCLIP—were 
evaluated using two adaptation strategies: full supervised fine-tuning (SFT) 
and Linear Probing (LP). EfficientNet-B4 served as a CNN baseline. 

Results: Experiments show that while EfficientNet-B4 achieved the 
highest F1-score (0.5810), VLMs delivered competitive results with additional 
report generation capability. MammoCLIP exhibited the best VLM performance 
(F1 = 0.4755, ROC-AUC = 0.6906) under LP, outperforming general-purpose VLMs, 
which struggled with recall despite high precision. SmolVLM demonstrated 
balanced performance under full fine-tuning (F1 = 0.5101, ROC-AUC = 0.6304), 
indicating strong adaptability in resource-efficient setups. 

Conclusion: These findings highlight that domain-specific pretraining 
significantly enhances VLM effectiveness in mammography classification. 
Beyond classification, VLMs enable structured reporting and interactive 
decision support, offering promising avenues for clinical integration despite 
slightly lower predictive performance compared to specialized CNNs.

Keywords: Deep learning, vision-language models, mammography, 
breast cancer, medical imaging, AI in Radiology.
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Introduction 
Breast cancer is the most diagnosed cancer and 

a major cause of mortality among women worldwide 
[1]. Mammographic screening is a key tool for early 
detection, and its four standard views—L-CC, L-MLO, 
R-CC, and R-MLO—are typically assessed using the 
BI-RADS system [3]. Increasing screening demand 
and the shortage of expert radiologists highlights the 
need for AI systems that can support mammogram 
interpretation and report generation.

Deep learning has already shown strong potential 
for breast cancer diagnosis [4]. More recently, vision-

language models (VLMs) have emerged as powerful 
tools capable of integrating image and text information. 
Although VLMs are trained on natural image–text 
pairs, studies suggest they can transfer effectively to 
medical imaging tasks [5–9].

In this work, we evaluate three VLMs for 
abnormality classification and report generation using 
multiview mammograms. Our contributions are:

1.	 Training on six heterogeneous datasets to 
improve generalization across imaging devices.

2.	 Using quantized model parameters to reduce 
memory usage and accelerate inference.

J Clin Med Kaz 2025; 22(6):89–95
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Related work
Originally developed for general image-text caption 

alignment tasks, VLMs such as CLIP [10] and MedCLIP 
[11] and Mammo-CLIP [12] have been increasingly adapted 
to medical imaging, where they show potential for robust 
image classification even with limited labeled data [13]. 
The development of medically oriented models has further 
improved the efficiency of clinical applications, for example 
the MammoVLM [14], which is adapted for mammography, 
improves diagnostic efficiency through carefully tailored 
prompts and multimodal pre-training.

Evaluations across a wide range of medical imaging tasks—
including skin lesion analysis, blood cell detection, ultrasound, 
chest X-ray interpretation, and MRI anomaly identifications 
show that vision-language models consistently perform well 
even when applied in zero-shot or weakly supervised settings 
[5]. This demonstrates a key practical advantage: VLMs can 
adapt to new clinical tasks or imaging modalities with minimal 
task-specific data, reducing the need for extensive retraining and 
accelerating deployment.

Recent works explore different approaches in optimizing 
and adapting VLMs for breast cancer imaging. Zero-shot 
learning has become key to handling domain shifts across 
heterogeneous mammography datasets. Yan [15] demonstrates 
how adapting CLIP for multi-distribution classification in 
mammography yields improved robustness under zero-shot 
settings. This aligns with findings by Vo et al. [16], who show that 
frozen VLMs like CLIP and its derivatives act as cornerstone for 
multimodal breast cancer prediction, even without task-specific  
fine-tuning.

While frozen large-scale VLMs show strong performance, 
several limitations affect their direct implementation in clinical 
practice. One of the concerns is the limited adaptability of 
general-purpose VLMs to highly specialized clinical tasks. 
For instance, LLaVA-Ultra [17], while optimized for Chinese 
ultrasound interpretation, shows multimodal alignment suffers 
from language-specific contexts, requiring substantial prompt 
tuning and data curation. Performance inconsistency across 
downstream tasks is also seen in Molina‑Román et al. [18], they 
compare VLMs against ConvNeXt in breast density assessment 
and find that VLMs are outperformed by tailored vision only 
models, particularly when data quality is suboptimal. It suggests 
that VLM may not be universally advantageous, especially when 
textual prompts are weak. The reliance on thoroughly selected 
datasets introduces further limitations. MammoBLIP Schultheiss 
et al., [19], for example, shows impressive results in structured 
report generation. However, that does not ensure the correctness 
of the generated reports. Similarly, Mammo-CLIP [20] and Du 
et al. [21] rely on specific mammography data configurations 
limiting scalability.

Methods  
1)	 Dataset Description
This study combines mammography data from six publicly 

available datasets: King Abdulaziz University Breast Cancer 
Mammogram Dataset (KAU-BCMD), Annotated Digital 
Mammograms and Associated Non-Image Datasets (ADMANI), 
Cohort of Screen-age Women – Case control (CSAW-CC), 
VinDr-Mammo, Newfoundland and Labrador Breast Screening 
(NLBS), and Chinese Mammography Database (CMMD). The 
class distribution is shown in Figure 1. Each dataset provides 
standard craniocaudal (CC) and mediolateral oblique (MLO) 
views for both breasts.  

The selected cohorts enhance representativeness and 
diversity across multiple axes:  

•	 Geography & Population: Saudi Arabia (KAU-
BCMD), Australia (ADMANI), Sweden (CSAW-CC), Vietnam 
(VinDr-Mammo), Canada (NLBS), and China (CMMD).  

•	 Scanner Vendors & Technology: IMS Giotto (KAU-
BCMD), Siemens/Hologic/Philips/Fujifilm/Sectra Imtec/Konica 
Minolta (ADMANI), Hologic (CSAW-CC), Siemens/IMS/
Planmed (VinDr-Mammo), GE Senographe Essential (NLBS), 
GE Senographe DS and Siemens Mammomat Inspiration 
(CMMD).  

•	  Acquisition Context: Primarily screening-focused 
(CSAW-CC, NLBS, ADMANI) vs. diagnostic-enriched (VinDr-
Mammo, CMMD, KAU-BCMD) protocols.  

This heterogeneity promotes generalizability by exposing 
models to real-world variations in image contrast, resolution, 
noise, and pathology presentation across diverse ethnicities, 
ages, and breast densities. However, underrepresented regions 
(e.g., Africa, South Asia) and low-prevalence subtypes (e.g., 
lobular carcinoma, microcalcification-only cases) remain absent, 
potentially limiting performance on rare clinical scenarios or 
non-Asian/Caucasian populations.  

For consistency, all samples were standardized into a 
binary classification schema:  

•	  Normal: No radiologically detected abnormality  
•	 Abnormal: Includes both benign and malignant findings  
To address class imbalance, random undersampling was 

applied to the majority (normal) class. This yielded a partially 
balanced dataset, where approximately 45% abnormal and 55% 
normal cases, improving minority class representation while 
maintaining dataset diversity. Other balancing methods have 
been tested, but were discarded, since they were just duplicating 
abnormal cases without enriching the distribution. Random 
undersampling was preferred over oversampling to preserve 
original data diversity and avoid artificial replication of rare 
abnormal cases, which could inflate performance on duplicated 
samples while reducing generalizability across scanners and 
populations.

 
2)	 Preprocessing and Augmentation
Each mammogram pair (CC and MLO) corresponding to 

the same breast was combined into a single dual-view image by 
horizontal concatenation (see Figure 2).

These augmentations enhance robustness against 
positional, and illumination variations commonly observed in 
mammography.

 

3)	 Model Architectures and Adaptation Strategies
We trained and evaluated three vision-language models—

Quantized Qwen2-VL-2B, Quantized SmolVLM (Idefics3-
based), and MammoCLIP—alongside a convolutional neural 
network baseline, EfficientNet-B4. 

For the general-purpose VLMs (Qwen2-VL-2B and 
SmolVLM), we explored two distinct adaptation strategies. The 
first was Full Supervised Fine-Tuning (SFT), which involved 
end-to-end fine-tuning of the model using LoRA adapters 
applied to both the vision and language modules. This approach 
allowed for parameter-efficient fine-tuning while leveraging the 
full capacity of the model. The second strategy, Linear Probing 
(LP), took a more resource-conscious approach by freezing the 
language module and the vision encoder and fine tuning only the 
classifier block (see Figure 3).
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Figure 1 – Class distribution of the targets: Normal (Orange) vs Abnormal (Green)

In contrast to these general-purpose models, MammoCLIP 
represents a domain-specifi c VLM pre-trained exclusively on 
mammography image-text pairs. For this model, we adopted the 
linear probing approach, maintaining the frozen vision and text 
encoders while fi ne-tuning a lightweight classifi er.

Finally, as a non-VLM baseline, we employed 
Effi cientNet-B4, a high-performing convolutional neural 
network architecture. This model was trained from scratch on 
our concatenated dual-view mammograms using the standard 
binary cross-entropy loss, serving as a benchmark to assess the 
added value of multimodal approaches compared to traditional 
CNN-based methods.

Figure 2 – Example of dual-view mammogram image (CC + MLO concatenation)

Table 1 Data Augmentations

Augmentation Type Parameters / Range

Random horizontal flip P(flip) = 0.5

Rotation ±10°

Brightness adjust ±15%

Contrast adjust ±15%

Table 2 Model architecture. Note that 
MammoCLIP was not trained 
using SFT, since it was pretrained 
on mammographic data, see third 
column. EffNet-B4 classifi er is not 
complex enough for linear probing.

Model Type Pretrained 
On

Trainable 
# para-

meters on 
SFT

Trainable 
# para-
meters 
on LP

Domain-
specific

Qwen2-VL VLM Image-Text 
web pairs 14M/2B 1.5M No

SmolVLM VLM Image-Text 
web pairs 11M/1.2B 0.7M No

MammoCLIP VLM Mammo-
grams - 1M Yes

EffNet-B4 CNN ImageNet 17M - No
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4) Training Setup
The training hyperparameters are displayed in Table 3:

CrossEntropyLoss for SFT experiments
Training was conducted with mixed-precision (FP16) 

using PyTorch AMP for memory efficiency on a single NVIDIA 
RTX 4080 (16GB) GPU. The training pipeline was outlined in 
Figure 4.

5) Evaluation Protocol
Models were evaluated on a held-out test set using 

the following metrics: Accuracy (ACC), Precision, Recall 
(Sensitivity), F1-score, ROC-AUC.

Binary predictions were generated by applying a 0.5 
threshold to the sigmoid outputs.

6) Implementation and Reproducibility
Experiments were implemented in PyTorch 2.7 with 

HuggingFace Transformers 4.53. Full SFT was facilitated using 
Unsloth, which optimizes memory usage during fine-tuning. 

Pretrained weights were sourced from HuggingFace (Qwen2, 
SmolVLM) and the official MammoCLIP repository.

Results
Table 4 summarizes the performance of all models 

under different adaptation strategies. Among general-purpose 
VLMs, Qwen2-VL-2B under full fine-tuning (FT) achieved the 
highest precision (97.6%) but exhibited extremely low recall 
(17.0%), leading to an overall F1-score of only 0.2903. This 
imbalance resulted in a ROC-AUC of 0.5835, indicating limited 
generalization capability despite its high confidence in normal 
cases.

SmolVLM, a smaller and more efficient VLM, achieved 
a more balanced performance under full fine-tuning, reaching 
an F1-score of 0.5101 and a ROC-AUC of 0.6304. Its Linear 
Probing (LP) variant delivered slightly lower F1 (0.3834) 
but achieved the highest ROC-AUC among VLMs (0.6368), 
suggesting that freezing the language module while updating the 
vision encoder can yield competitive results.

The domain-specific Mammo-CLIP model demonstrated 
the best overall performance among VLMs, achieving an F1-

Table 4 Results on the test set (normal/
abnormal). FT=Fine-Tuning, 
LP=Linear Probing

Model 
Trai
ning 

Mode

Accu
racy

Preci
sion Recall F1 ROC-AUC

Qwen2-VL-2B FT 0.6249 0.9759 0.1705 0.2903 0.5835

Qwen2-VL-2B LP 0.6298 0.7597 0.2590 0.3863 0.6296

SmolVLM FT 0.6534 0.7003 0.4012 0.5101 0.6304

SmolVLM LP 0.6287 0.7580 0.2566 0.3834 0.6368

Mammo-CLIP LP 0.6455 0.7110 0.3572 0.4755 0.6906

EffNet-B4 FT 0.6279 0.5887 0.5735 0.5810 0.6780

Figure 3 – Training mode pipelines

Table 3 Training hyperparameters

Hyperparameter Value/Method

Epochs 5

Optimizer AdamW

Learning rate 1e-4 for classification layers, 
1e-5 for unfrozen vision encoder

Weight Decay 0.01

Batch size 32

Scheduler Cosine Annealing (T_max = total steps × 
epochs)

Loss function
BCEWithLogitsLoss for binary classification 

in LP, 
CrossEntropyLoss for SFT experiments
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score of 0.4755 and the highest ROC-AUC (0.6906) despite 
using only LP. This reflects the effectiveness of domain-
specific pretraining in enhancing classification performance for 
mammography.

For comparison, the CNN baseline EfficientNet-B4, trained 
from scratch, achieved the highest F1-score overall (0.5810) and 
a ROC-AUC of 0.6780.

Discussion 
These results highlight key insights into adapting vision-

language models (VLMs) for mammography classification. First, 
general-purpose VLMs struggle to achieve balanced sensitivity 
and specificity on limited medical data. Despite full fine-tuning, 
Qwen2-VL-2B exhibited high precision (97.6%) but extremely 
low recall (17.0%), yielding an F1-score of only 0.2903 and 
ROC-AUC of 0.5835—underscoring the risk of missing positive 
cases in clinical screening.

Second, smaller architectures like SmolVLM showed 
greater adaptability. Under full fine-tuning, it achieved a 
balanced F1-score of 0.5101 and ROC-AUC of 0.6304. Notably, 
linear probing (LP) delivered competitive results (F1 = 0.3834, 
ROC-AUC = 0.6368), suggesting that freezing the language 
module while updating the vision encoder offers a cost-effective 
alternative for resource-constrained settings.

Domain-specific pretraining proved decisive. 
MammoCLIP, pretrained on mammography-aligned image-text 
pairs [12,20], achieved the highest VLM performance under 
LP (F1 = 0.4755, ROC-AUC = 0.6906) despite using only a 
lightweight classifier. This demonstrates that leveraging domain 
knowledge significantly enhances classification robustness, even 
without language module tuning.

In this comparative evaluation, our LP adaptation of 
MammoCLIP—originally pretrained on limited mammography 
corpora (e.g., RSNA, UPMC [12,20])—on a diverse six-dataset 
cohort achieved a ROC-AUC of 0.6906, demonstrating improved 
generalizability over its reported single-dataset zero-shot (AUC 
0.61–0.68) and linear probing (AUC 0.90–0.94) configurations 
on VinDr [12]. This multi-source scaling enhances robustness to 
vendor and population shifts beyond prior single-dataset or zero-
shot setups [15,16]. While generative models like MammoVLM 
[14] excel in radiologist-scored report quality using custom 

evaluation protocols, direct metric comparison is limited. 
Similarly, vision-only models like ConvNeXt [18] outperform 
VLMs in breast density assessment but lack multimodal 
reasoning capabilities.

For reference, our EfficientNet-B4 CNN baseline achieved 
the highest F1-score (0.5810) and ROC-AUC of 0.6780, 
confirming its strength in structured imaging tasks. However, 
VLMs offer unique clinical advantages beyond classification. 
SmolVLM, for instance, matched EfficientNet-B4’s ROC-
AUC while retaining language generation capability, enabling 
structured report drafting (Table 5), explainability, and interactive 
decision support—features unavailable in traditional CNNs.

These multimodal capabilities could justify deploying 
quantized VLMs in clinical workflows, even when raw 
classification accuracy is slightly lower. By scaling domain-
specific models across heterogeneous public datasets via 
efficient probing, our work bridges predictive performance with 
practical AI-assisted radiology tools.

While VLMs produce structured reports, risks 
include hallucination (e.g., inventing calcifications) and 
overgeneralization from dense tissue. The abnormal example 
in Table 5 correctly identifies calcifications but lacks laterality 
and BI-RADS grading. Clinical deployment requires radiologist 
oversight and prompt engineering to ensure safety and specificity. 

Conclusion
This study investigated the adaptation of vision-language 

models (VLMs) for mammography classification, comparing 
them to a strong CNN baseline. Our experiments demonstrate 
that while traditional CNNs such as EfficientNet-B4 still 
achieve the highest overall F1-score, VLMs provide competitive 
performance, particularly when leveraging domain-specific 
pretraining and efficient adaptation strategies.

Among VLMs, Mammo-CLIP—pretrained on 
mammography-related data—achieved the best overall results, 
with a ROC-AUC of 0.6906 under Linear Probing (LP), 
outperforming general-purpose VLMs even without language 
module fine-tuning. This underscores the value of domain-specific 
pretraining for high-stakes medical applications. SmolVLM, 
despite its smaller size, exhibited strong adaptability, delivering 
balanced performance under full fine-tuning and competitive 

Table 5 Example of report generation using SmolVLM

Prompt Generated report

1)	 "<image>\n"
2)	 "You are a medical AI assistant. Analyze the given mammogram image, classify 
it into normal vs abnormal and write a short radiology report(3 sentences) describing 
abnormalities, if any." 

normal.

radiology report: ''No findings. Examination done. No other 
tests or interventions required. Follow-up as per local 
guideline. Risk factors to address: age, race, family history. 
Consultation not required. Consultation as per patient’s 
choice of care.''

1)	 "<image>\n"
2)	 "You are a medical AI assistant. Analyze the given mammogram image, classify 
it into normal vs abnormal and write a short radiology report (3 sentences) describing 
abnormalities, if any."

abnormal.

The mammogram image is of a breast. The breast tissue is 
dense and has a lot of calcium deposits.
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ROC-AUC scores with LP, highlighting the potential for cost-
effective deployment in resource-constrained settings.

Although Qwen2-VL-2B underperformed compared to 
smaller or domain-specialized models, these findings suggest 
that scale alone does not guarantee success in medical imaging 
tasks. Instead, task alignment and efficient adaptation strategies 
are more critical.

Beyond classification performance, VLMs introduce 
unique capabilities—such as report generation, natural language 
interaction, and multimodal reasoning—that are not possible 
with traditional CNNs. These features can enhance clinical 
workflows by improving explainability, facilitating structured 
reporting, and enabling decision support, making VLMs an 
attractive direction for future research and deployment.
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ABSTRACT 
Background: Conventional approaches often struggle to draw infe

rences from limited data. We aimed to determine whether Bayesian 
perspectives improve computation and increase clarity when inferring from 
small series.

Methods: We conducted a retrospective longitudinal study. The 
participants were who underwent curative liver resection for ICC. Bayesian 
proportional hazards models were used to analyse postsurgical survival. 
Three scenarios were used to model overall survival; all estimates were then 
compared with the largest meta-analysis.

Results: The final cohort included 14 patients with resectable ICC with 
median follow-up duration of 14.68 months (IQR 10.77 - 19.84). While the model 
with non-informative priors revealed unstable estimates, the models with 
informative and less informative priors demonstrated consistent and reliable 
effects. The estimates from the latter models aligned with those reported in 
the meta-analysis. The posterior probabilities of null value exceedance (i.e., 
HR > 1.0) for age, sex, lymph node metastasis, and positive surgical margin 
were 98%, 93%, 100%, and 48%, respectively, albeit (in frequentist terms) non-
significant for all but lymph node metastasis.

Conclusion: The Bayesian framework offers a promising strategy that 
overcomes the limitations of the frequentist approach, contributing to the 
advancement of inferences from limited data.
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Introduction 
Liver cancer remains one of the leading causes 

of cancer-related deaths worldwide, with notably high 
estimates in developing regions [1]. It represents a 
grouping disorder, with cholangiocarcinoma being 
the second most common primary malignant tumour 
[1, 2]. Сholangiocarcinoma is broadly classified as 
intrahepatic cholangiocarcinoma (ICC) or extrahepatic 
cholangiocarcinoma (ECC) depending on the 
anatomical location [2, 3]. The former is of particular 
interest because of increasing mortality patterns 
worldwide [3]. 

Most ICC cases are diagnosed at advanced 
stages, where a dismal prognosis is particularly 
evident [4, 5]. Complete surgical resection is often the 
only potential rescue for prolonged survival in these 
patients [6, 7]. Despite the tumour resection, however, 
the long-term survival remains low, primarily due to 
tumour recurrence and lymph node metastases [4, 8, 
9]. Admittedly, survival estimates are heterogeneous: 
existing evidence [10] suggests that 3-year and 5-year 
survival ranges from 16% to 65%, and 5% to 56%, 
respectively.
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The existing findings on surgical outcomes in patients 
with ICC primarily come from retrospective studies, which lack 
methodological rigor [10, 11]. What is more, estimations in the 
living meta-analysis [10] were restricted to studies from countries 
with large populations, further setting aside evidence from small 
series (e.g., n <20). However, in the subgroup analysis of the 
impact of age on the survival, a study with the lowest sample 
size (n=22) revealed non-statistically significant effect of age 
(HR 1.30, 95% CI: 0.92-1.84). Whereas the one with the largest 
sample size (n=733) saw significant association (HR 1.10, 95% 
CI: 1.01-1.20). However, the (log) difference between these 
studies was 0.17, with a standard error of 0.18. Hence, despite 
the discrepancies, the difference between their estimates is not 
itself statistically significant. This questions the relevance of 
the selection based on the sample size, as these studies provide 
complementary evidence, and make a small data valuable in its 
own right. On the other hand, it reflects the asymptomatic nature 
of ICC and its overall low incidence, where locations with a 
low population at risk face low incident cases. The ignorance of 
small studies may contribute to the limited generalizability and 
risk of overlooking meaningful insights into surgical outcomes. 
However, a notable difficulty arises when analysing such data, 
as they may create more noise than signals, potentially leading 
to overconfident conclusions. These highlight the importance of 
small series and the necessity of appropriate statistical models to 
draw inferences from them.

The Bayesian approach allows to integrate prior findings 
to build upon existing knowledge rather than modelling the 
data anew [12]. This feature often makes Bayesian framework 
preferable when working with small samples [13], with growing 
evidence on its advantages for the limited data [14, 15]. 
Previous studies have employed uniform analytical approach 
and disregarded the priors, pretending that their research is 
unique (unless it is a meta-analysis) [16]. We instead suggest 
transitioning from that “one-size-fits-all” approach, building 
inferences acknowledging the empirical evidence.

This study aimed to analyse the overall survival (OS) in 
a small cohort of patients with ICC who underwent curative 
liver resection and to investigate the impact of tumour-specific 
factors on OS. We employ a Bayesian framework and illustrate 
how the prior choice affects the models’ coefficients. We begin 
by setting a model using non-informative priors, followed by a 
more complex model incorporating strong priors, and contrast 
them with the meta-analysis estimates [10]. We then discuss the 
findings and their future implications.

Methods 
Study design and case definitions
A retrospective longitudinal study was conducted to 

evaluate the OS in the ICC cohort following the surgical 
treatment. We included all the histologically confirmed cases 
who have had a liver resection at National Research Oncology 
Centre in the Republic of Kazakhstan (NROC) [17]. The TNM 
stage grouping was computed in accordance to the criteria of the 
eighth edition of the AJCC Cancer Staging Manual [18].

Data source and population
This study departed data from the NROC between 

January 2022 and July 2025. Every patient had a standard 
clinical examination, an assessment of serum laboratory 
tests, computed tomography and/or magnetic resonance 
cholangiopancreatography as part of their pre-operative workup. 
Patients could only have surgery if the tumour could be removed 

entirely while leaving a functional liver remnant that had enough 
hepatic venous outflow and vascular inflow. Data collection and 
analysis were performed during June – July 2025.

Follow-up and outcome assessment
In compliance with the local guidelines, patients were 

monitored every three months. The censoring date was defined 
as the last date the patient was contacted by a clinician, or as 
the date of death. OS time was computed as the difference (in 
months) between the date of surgery, and death, last date that a 
patient known to be alive or the follow-up cut-off date (July 18, 
2025), whichever came first.

Rationale for using Bayesian analysis
Our primary focus was on the statistical inferences of 

the association between patient and tumour characteristics and 
survival, magnitude of the effect, and its uncertainties, rather 
than significance testing. We were also interested in the extent 
to which strong priors (external evidence) affect the estimates, 
which is challenging in the conventional frequentist approach. 
In addition, the existing literature suggests that the estimates 
were fluctuating when exploring the effects of clinical factors on 
survival [10]. This may be an artifact of the sample size, which 
was mostly small. However, when priors are informative and data 
are weak (i.e., limited, noisy, restricted), Bayesian perspective 
can bring a distinct impact on the posterior estimates, further 
improving inferences, their interpretation, and the precision of 
effect sizes (e.g., sign, magnitude) [19-21]. 

Variable selection and prior identification
Previous studies have often implemented backward 

elimination [22, 23] and stepwise regression [8, 9] for variable 
selection. However, such variable filtering may result in 
unstable inferences that require substantially more cases 
to ensure adequate events per variable ratio and introduce 
systematic errors [24, 25], which is even more challenging 
given ICC remains uncommon. Therefore, we did not pre-filter 
the variables or eliminate weak effects. Instead, we relied on 
expert background knowledge, including clinically important 
variables, and incorporated external evidence of their effects 
[10]. This approach is known to reduce bias due to systematic 
errors (unmeasured confounding) [26].

To analyse the survival factors, we used the following 
variables: age (continuous scale), sex (male vs. female), positive 
surgical margin (R1 vs. R0), and lymph node metastases (N1 vs. 
N0). Continuous variables (e.g., age and follow-up) are reported 
as medians and interquartile ranges (IQR), while categorical 
variables are reported as proportions. The distribution of the 
priors for the tumour-specific covariates was extracted from 
a recent meta-analysis [10]. We treated its estimates as a true 
effect size, since the study used strict methodological approaches 
to evaluate and report survival estimates in patients with ICC 
following curative surgery (852 citations by August, 2025). 
We used a log-transformed estimate, and its scale (standard 
deviation, SD) was approximated using the range of the 95% CI, 
and used the following formula: [upper limit – lower limit / 3.92] 
[27]. Given the limited number of events per variable and the 
associated risk of unstable estimates in multivariable analysis, 
we report only estimates from the univariate analyses. 

Statistical analysis
We employed Bayesian proportional hazards regression 

models, which was motivated by the following reasons: the 
measure (Hazard Ratio, HR) offers an intuitive interpretation 
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of coefficients and consistently used across the studies. It also 
ensures simplicity in incorporating prior information into the 
models without any conversions (e.g., from log-odds to log-
hazards). The 95% credible intervals (CrI) were constructed 
directly from the 2.5th and 97.5th percentiles of the posterior 
distribution of the corresponding models. Our analysis used 
weakly (default) informative (Model 1) and informative (Model 
2) prior distributions to model the data. All the models retrieved 
four chains of 2,000 Markov Chain Monte Carlo samples, the 
first 1,000 samples of which were discarded as a warm-up. 
Model convergence was evaluated using the R-hat diagnostic and 
effective sample size statistics. Data cleaning, data management, 
and statistical analysis were performed using R-software 
(version 4.5.0). All methods were performed in accordance with 
the STROBE Guidelines [28].

Sensitivity analysis.
We performed a post-hoc analysis (Model 3) to test the 

reliability of our results for different prior choices. Initial prior 
values were extracted from the meta-analysis [10], in which 
most reported effects were moderately positive. Recognizing 
their potential impact on the posterior estimates, we decreased 
their precision (effect size) while keeping the scale (standard 
error) same to see how the estimates changed given the less 
informative priors.

Results
Overall, this study included data from 14 patients with ICC 

whom undergone a curative liver resection. All the patients had 
a lymphadenectomy. There were nine male (64.29%) and five 
female (35.71%) patients. The median age was 62 years (IQR 
59 - 66) and median follow-up duration made-up 14.68 months 
(IQR 10.77 - 19.84). All the other clinical and demographical 
information is available in the Supplemental Table 1. 

Regression analyses revealed consistent and stable 
estimates only for age, whereas other covariates showed 
fluctuations, as measured by the HR (Figure 1). Moreover, 
lymph node metastasis and positive surgical margins saw 
modelling issues, which were evident when closely examining 
the estimates. These were primarily driven by the limited number 
of events and imbalances in these predictors. However, this was 
only true for the model with non-informative priors (Model 1). 
Hence, the further inclusion of informative priors (Model 2) 
resolved these issues. What is more, estimates from the model 
with strong priors (Model 2) approached those reported in the 
meta-analysis (Figure 1, Supplemental Table 2).

A sensitivity analysis was conducted with priors, whose 
precision was decreased. Interestingly, the model with less 
informative priors (Model 3) revealed estimates that were 
largely comparable to those from Model 2, with both the sign and 
magnitude of the effects being almost identical. The estimates 
in Model 3 tended to be more stable than those in Model 1 
and approached the meta-analysis (Figure 1 and Supplemental 
Table 2).

Finally, we evaluated the probability of null value 
exceedance (i.e., HR > 1.0) for each covariate. In Model 2, the 
posterior distributions of HR for age, sex, lymph node metastasis, 
and positive surgical margin were 98.1%, 93.1%, 100%, and 
48.2%, respectively (Figure 2). Similarly, Model 3 showed 
probabilities of 78.7%, 78.1%, 100%, and 43.9%, respectively 
(Supplemental Table 3 and Supplemental Figure 1), whereas the 
probabilities were substantially lower in Model 1 (Supplemental 
Table 3 and Supplemental Figure 2).

Discussion
We evaluated survival in a small ICC cohort using a 

Bayesian approach. We found that the effects of most covariates 
aligned with the meta-analysis as long as the priors were strong. 

Figure 1 – Predictors of Overall Survival

CAPTION: Model 1 represents weakly informative priors; Model 2 includes strong priors; Model 3 uses informative priors, albeit decreasing 
the precision; the meta-analysis represents the estimates from the largest study evaluating the survival function in patients with intrahepatic 
cholangiocarcinoma. The estimates from the latter were treated as the true effect size.
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Although the effects remained stable despite a decrease in the 
precision of the prior distributions, the direction and magnitude 
of the effects were highly sensitive to the priors. By applying 
Bayesian analysis, we contributed to the growing evidence 
demonstrating its superiority over the frequentist method, 
specifically for the limited data.

The frequentist paradigm has emerged as the dominant 
approach to statistical thinking. Previous studies [8, 22, 23, 
29-31] were mostly unable to certainly report whether the 
covariates affected survival, with claims being primarily 
driven by significance testing. A large amount of literature 
comes from underpowered studies, which is inevitable for 
uncommon diseases such as ICC. What is more, at most 30% 
of ICC population are resectable [32]. Hence, when the sample 
size is small, p-values are highly sensitive to small deviations 
in the data, leading to ambiguous conclusions [33]. Therefore, 
statistical significance rarely touches on the subject of interest 
in such instances. Instead, we suggest taking advantages of 
Bayesian language to increase the reliability of inference from 
small data [34,35].

Bayesian framework estimates how likely different 
values of a parameter are by combining prior knowledge with 
data. Unlike frequentist approach, it provides an estimate that 
sampled from the posterior distribution, which represents a 
compromise between the priors and likelihood (data). Hence, 
when priors are close to the data, the posterior estimates favour 
the data. Similarly, the posterior distribution tends to move the 
location toward a prior distribution as uncertainty in the data 
increases (i.e., limited data, noise). In other words, when priors 
are strong and data are weak, Bayesian approach can have a 
pronounced impact on the model estimates. However, as the 
sample size becomes large, the data take more control over the 
compromise, diminishing the impact of the priors. In our study, 
all priors, irrespective of their precision, heavily affected the 
estimates. Admittedly, our posterior estimates were sensitive to 
priors because the information in the data dwarfed by the priors, 
implying the weakness of the likelihood.

The effect sizes in the meta-analysis were calculated, given 
a certain degree of uncertainty from an individual study [10]. In 
the subgroup analyses, the authors were unable to demonstrate a 
significant difference in OS for sex and positive surgical margin 
[10], which was also largely true for individual studies [8, 22, 
23, 29, 30]. However, such a claim is no longer sufficient. 
Moreover, any scientific claim should include a probability that 
expresses confidence in the effect [36]. As such, we report a 
high (posterior) probability for age (98.1%), sex (93.1%), and 
lymph node metastasis (100.0%) to elevate the risks of death, 
albeit being non-statistically significant (in frequentist terms). 
However, the effect of a positive surgical margin was largely 
uncertain, revealing only a 48.2% probability of increased risk 
(i.e., HR > 1.0). These were true for both Models 2 and 3. Thus, 
unlike the conventional approach, Bayesian analysis offers more 
computational flexibility, providing more clinically relevant 
information and easing interpretation.

Although our sample size may seem insufficient, the cohort 
is the largest of its kind for patients with ICC in our region. 
Additionally, Bayesian estimation provides reliable results 
even when sample sizes are small [14, 15], with informative 
priors being exceptionally useful in such instances. As such, 
we revealed unstable estimates with weakly informative priors. 
Further, inclusion of strong priors improved the computation, 
providing both stable and plausible estimates. This was also 
supported by the sensitivity analysis, where the HR saw just a 
slight fluctuation. 

 We believe that our findings remain reliable and useful 
regardless of the limited follow-up period. The Cox regression 
has been consistently applied across the previous studies due 
to its convenience in analysing survival function. It requires 
hazards to be proportional (constant) for groups that are under 
comparison. However, it is rarely the case in practice, especially 
when the treatment/exposure effect (naturally) changes over 
time [37]. Hence, the estimate (HR) reflects a weighted average 
effect, rather than a constant effect. As such, incorporating the 
external evidence to our model, we controlled the fluctuations 

Figure 2 – Posterior probability of exceeding the Hazard Ratio of 1 for Model 2
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over time and revealed reliable effect size, which is evident 
when contrasting estimates to the meta-analysis [10].

Finally, in the largest meta-analysis [10], 13% of studies 
were excluded due to low sample size (<20). However, the 
ignorance of these studies might lead to overconfident estimates 
(i.e., underestimating errors). This is particularly evident when 
looking at the funnel plot more closely, which revealed figures 
clustering toward the top and asymmetric distributions for most 
of the outcomes. Hence, we emphasize that small series are 
valuable in their own right and encourage the application of more 
customized statistical strategies to communicate uncertainty. 
Bayesian modelling is beneficial, allowing for the stabilization 
of estimates even for noisy data. Furthermore, rather than testing 
if an underlying effect is non-zero, one may access more hidden, 
clinically important information. In addition, the Bayesian 
approach allows the incorporation of external evidence, setting a 
range of plausible values into statistical models, and computing 
the probability of a meaningful effect [38]. These alleviate 
subsequent contrasting findings and check if an estimate is 
under-or-over-estimated and its consistency with the existing 
evidence (e.g., meta-analysis and RCT). Taken together, we 
believe that the Bayesian language can and should also be 
proposed as the default approach for limited data, or at least as a 
required approach for post-hoc estimations.

Limitations
This study has several limitations. Admittedly, our 

suggestions were based on limited data, with a handful of 
predictors being modelled. Efforts to contact both the authors 
of previous work and other hospitals in the country to acquire 
additional information were unsuccessful. Therefore, we may 
have had model specification issues, which means that our 
estimates were ignorant of other clinically important variables. 
Additionally, given the decay of priors in larger samples, it would 
be interesting to assess whether bringing more data proves or 
disproves our findings. Finally, informative priors for covariates 
other than those used can be included in multivariable analysis 
to test the stability of the estimates.

Conclusions 
The sample size in studies on rare diseases is fairly 

small. Research evaluating outcomes using such data faces 
analytical challenges. We suggest that the Bayesian approach is 
a promising strategy that may contribute to advancing inferences 
from the limited data. We present a pioneering attempt to model 
ICC outcomes using a fully Bayesian approach and found 
that it overcomes the limitations of conventional approaches 
in different ways. We believe that Bayesian analysis can be 
proposed as a default approach when working with small data or 
modelling outcomes for rare diseases.
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ABSTRACT
Background: Epilepsy is a chronic neurological disorder affecting millions 

worldwide, with a particularly high burden in low- and middle-income countries 
(LMICs). In Kazakhstan, a middle-income country, the epidemiological situation 
regarding pediatric epilepsy remains underexplored, especially in terms of 
treatment availability and healthcare resources. 

Objective: This study aimed to assess the regional distribution of epilepsy 
prevalence and the availability of healthcare resources for pediatric epilepsy 
patients across Kazakhstan. 

Methods: Using secondary data collected from regional healthcare reports 
2023, we analyzed the prevalence of epilepsy, the distribution of epilepsy forms, 
the availability of pediatric neurologists, and the provision of antiepileptic drugs 
(AEDs) across 16 regions. 

Results: We found significant regional disparities in epilepsy prevalence, 
ranging from 54.20 to 4,263.86 per 100,000 population, with the highest 
prevalence in the Zhambyl and Almaty regions. The availability of pediatric 
neurologists varied widely, from as few as 2 specialists in some regions to 156 in 
Almaty. Carbamazepine and valproic acid were the most widely available AEDs, 
but there were gaps in the provision of other drugs, such as Diazepam and 
Oxcarbazepine. 

Conclusion: Our findings highlight critical gaps in healthcare infrastructure 
and access to treatment, particularly in rural regions, which may contribute to 
the high treatment gap for epilepsy in Kazakhstan. The study underscores the 
need for targeted healthcare interventions, increased resources for pediatric 
epilepsy care, and policy initiatives to address regional disparities in treatment 
and diagnostic services.
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Introduction 
Epilepsy is a chronic neurological disease and, 

based on the International League Against Epilepsy 
(ILAE) report, should be defined by at least two 
unprovoked seizures occurring more than 24 hours 
apart, or one unprovoked seizure and a probability of 
subsequent seizures with a risk of at least 60% of the 
general recurrence risk within ten years of the first 
two unprovoked seizures, or the diagnosis of epilepsy 
syndrome [1]. According to Meyer et al. (2009) and 

Shan et al. (2024), approximately 50 million people 
worldwide suffer from epilepsy (PWE), of which 25% 
or 10.5 million are children under the age of 15 [2–4]. 
The epilepsy burden is also higher in low- and middle-
income countries (LMIC), where about 80% of PWE 
live [5].

Furthermore, there is a significant gap in the 
allocation of healthcare resources represented by a high 
treatment gap (75–90%) fueled by severe shortages of 
pediatric neurologists and limited access to diagnostic 

J Clin Med Kaz 2025; 22(6): 103–108
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tools like EEG and MRI [6–8]. Additionally, due to limited 
resources in the LMIC, most epilepsy cases associated with 
genetic abnormalities remain underdiagnosed [9–11].

The epidemiological situation with epilepsy in Kazakhstan, 
which is also classified as a middle-income country, remains 
unclear, especially in the context of pediatric patients. A 
recent study analyzed epilepsy-related data for ICD-10 codes 
(G40.0-G40.9) from the Unified National Electronic Health 
System of Kazakhstan over a seven-year span and revealed 
growing incidence and prevalence rates from 26.15 in 2014 to 
88.80 in 2020 and 26.06 in 2014 to 73.10 in 2020 per 100,000 
people, respectively [12]. However, the studies still lack clarity 
on the availability of treatment and diagnostic resources.

In the context of the work and duties of the chief neurologist 
of Kazakhstan, in 2023 the reports about the population under 
18 years old, the total number of epilepsy cases, the number of 
pediatric neurologists, and drug availability from regions were 
received. This study aims to analyze the regional reports-based 
data and shed light on the current healthcare resources and 
challenges faced by pediatric epilepsy patients across various 
regions in Kazakhstan.

Methods
Data sources
This is a descriptive, observational study that uses 

secondary data analysis methods. Data on the population under 
18 years old, the total number of epilepsy cases, the number of 
pediatric neurologists, and drug availability for the 16 regions 
(Akmola region, Aktobe region, Almaty, Almaty region, 
Astana, Atyrau region, East Kazakhstan region, Karaganda 
region, Kostanay region, Kyzylorda region, Mangystau region, 
North Kazakhstan region, Pavlodar region, Turkestan region, 
West Kazakhstan region, and Zhambyl region) in Kazakhstan 
were obtained in 2023. The chief neurologist of Kazakhstan 
collected data from regional healthcare reports to assess the 
epidemiological situation of epilepsy and the availability of 
healthcare resources for pediatric epilepsy patients.

Statistical analysis
We conducted a descriptive epidemiological analysis to 

evaluate the regional distribution of epilepsy prevalence across 
Kazakhstan. The prevalence rates were calculated by dividing 
the total number of epilepsy cases by the regional pediatric 
population (under 18 years old) and standardizing the results 
per 100,000 population. The total number of epilepsy cases was 
analyzed by age groups (0-5, 6-18 years old) and regions. Data 
were disaggregated by age and geographical location to identify 
patterns in disease burden. Age-specific case distributions were 
calculated to assess variations across the pediatric population 
and geographic regions. The distribution of epilepsy forms 
across Kazakhstan was examined. We categorized the data by 
specific forms of epilepsy and analyzed regional variations 
to understand the prevalence of different types of epilepsy. 
Log-scale transformation was applied to the total number of 
epilepsy cases for each form of epilepsy. The log transformation 
was performed by applying the natural logarithm (log) to the 
total number of epilepsy cases for each region and each form 
of epilepsy. This approach reduced the impact of extreme 
values, allowing for more effective comparisons across regions 
with large discrepancies in case numbers. All analyses were 
performed using the R software (version 4.3.0).

Results
Prevalence of epilepsy cases among children in the 

Kazakhstan region
Epilepsy prevalence ranges from 54.20 to 4,263.86 per 

100,000 population. The regions with the highest prevalence 
rates are Zhambyl (4,263.86 per 100,000) and the Almaty region 
(1,417.14 per 100,000). Other regions like East Kazakhstan 
(399.25 per 100,000), Karaganda (295.33 per 100,000), 
and Akmola (282.07 per 100,000) show moderate epilepsy 
prevalence rates. Regions like Mangystau (54.20 per 100,000), 
West Kazakhstan (185.54 per 100,000), and Pavlodar (94.23 per 
100,000) have lower rates (Figure 1).

Total cases of epilepsy by age and region
The total number of epilepsy cases varied from 142 

to 2,363. The highest values were observed in the Turkestan, 
Almaty, and Zhambyl regions, with 2,363, 1,815, and 1,636 
cases, respectively. Other regions with a considerable number 
of cases included Astana (792 cases), the Akmola region (679 
cases), and East Kazakhstan (723 cases). In contrast, regions 
such as the Atyrau region (142 cases), West Kazakhstan (524 
cases), and the Pavlodar region (579 cases) reported fewer cases. 
In regard to age distribution, in all regions, epilepsy cases were 
most common among 6-18-year-olds (Figure 2).

Distribution of Epilepsy Forms in Kazakhstan
The log-scaled number of cases for each epilepsy form 

showed that epilepsy (15,126 cases) was the most distributed 
form in Kazakhstan. While other rare epilepsy syndromes are 
less represented, children are more often diagnosed with Dravet 
(245 cases) and West syndrome (187 cases), and only 8 cases 
were registered with Ohtahara syndrome (Figure 3).

Distribution of pediatric neurologists across different 
regions of Kazakhstan 

The number of pediatric neurologists across different 
regions of Kazakhstan varied from 2 to 156 specialists (Figure 
4). Almaty has the highest number of pediatric neurologists 
(156); West Kazakhstan (44), Astana (39) and Shymkent (39) 
also have significant numbers. Regions like Pavlodar (4), 
Mangystau (6), and Kyzylorda (8) have very low numbers of 
pediatric neurologists, and the Almaty region is presented with 
only 2 specialists.

Distribution of antiepileptic drugs across regions of 
Kazakhstan

Valproic acid is the most commonly available antiepileptic 
drug (AED) in most regions with the highest numbers reported 
in the Turkestan region (1,738 patients), Almaty region 
(1,118 patients), and Shymkent (803 patients) (Figure 5). 
Carbamazepine also showed high provision rates, especially 
in the Almaty region (378 patients), Shymkent (340 patients), 
and Turkestan region (300 patients). Similarly. Diazepam and 
oxcarbazepine had relatively lower patient numbers, with some 
regions showing no patients receiving these drugs. For example, 
West Kazakhstan had 26 patients not provided with Diazepam. 
Almaty, Aktobe, East Kazakhstan, Karaganda, Kostanay, North 
Kazakhstan, Mangystau, and Turkestan regions reported zero 
patients not provided with any AED.
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Figure 1 – Map illustrating Epilepsy Prevalence among Children in Regions of Kazakhstan

Figure 2 – Total Cases of All Epilepsy Forms Among Children by Regions and Age Groups

Figure 3 – Log-scaled Distribution of Epilepsy Forms in Kazakhstan
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Discussion 
Our study revealed a wide variation in the epilepsy 

prevalence rates in children and the availability of healthcare 
resources across different regions of Kazakhstan. The regions 
with the highest prevalence rates (Zhambyl and Almaty region) 
and the lowest (Mangystau and West Kazakhstan) could 
potentially show correlations with healthcare access, regional 
healthcare infrastructure, socioeconomic status, and population 
demographics. There are also significant regional differences in 
the number of pediatric neurologists, with some regions having 
a very low number (Mangystau and Pavlodar), while others like 
Almaty and Astana have a relatively higher concentration of 
specialists.

Since independence, the national health system of 
Kazakhstan has undergone many reforms, but access to quality 
healthcare is still uneven [13]. For example, in some cities such 
as Astana and Almaty, the health infrastructure, including the 
medical workforce and diagnostic equipment, is well developed, 
while in rural areas, these resources are limited, leading to 

delayed diagnoses and insufficient care [14]. The observed 
highly varied distribution of pediatric neurologists across 
various regions aligns with a study that revealed differences in 
the median number of neurologists per 100,000 people between 
low-income countries (0.03) and high-income countries (2.96) 
[15].

The availability of AEDs in Kazakhstan may also reflect 
trends in LMICs globally. Despite their relative ineffectiveness 
and higher adverse effects, old-generation cheap drugs like 
carbamazepine and valproic acid remain more prevalent due to 
their cost and availability [16,17]. Similar patterns have been 
described in tertiary-care settings, where older agents continue 
to dominate treatment because of affordability and accessibility. 
For instance, a study comparing conventional and newer ASMs in 
India found that conventional drugs were still widely prescribed 
despite their less favorable safety profile, mainly due to their 
lower cost and availability [18]. This mirrors the persistent 
reliance on older ASMs seen in Kazakhstan. Unfortunately, 
some AEDs (diazepam) remain unavailable for children with 

Figure 5 – Heat Map of Antiepileptic Drug Provision by Region and Drugs

Grey color – 0 patients, gradient colors varied based on the log-scaled number of patients. AED – antiepileptic drugs.

Figure 4 – Number of Pediatric Neurologists in Different Regions
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epilepsy in some regions of Kazakhstan. Other countries also 
experience limited resources in drug provision, where 67% of all 
PWE may not have any AEDs [19].

Treatment disparities may be further compounded by 
differences in diagnostic capacity. In Kazakhstan, access to 
EEG and neuroimaging is uneven, and this may influence both 
treatment choices and long-term outcomes. Evidence from 
clinical studies suggests that delays in appropriate treatment or 
incomplete diagnostic workup can worsen disease trajectories. 
For example, Dossov (2025) showed that in pharmacoresistant 
focal epilepsy, longer disease duration was associated with 
more intensive intraoperative management needs, indirectly 
emphasizing the importance of early diagnosis and optimized 
therapy—both of which depend on adequate regional resources 
[20]. Genetic testing and advanced molecular diagnostics remain 
limited as well, despite growing evidence of their importance. 
A recent genomic investigation of infantile and childhood 
epileptic encephalopathies in Kazakhstan highlighted significant 
gaps in access to genetic evaluation and emphasized its urgent 
priority for improving early diagnosis and individualized care 
[21]. Together, these findings show that incomplete diagnostic 
pathways can delay appropriate treatment and contribute to 
worse clinical outcomes.

To address the disparities in pediatric epilepsy care 
across Kazakhstan, strategic policy initiatives should focus on 
expanding the healthcare workforce, particularly by increasing 
the number of pediatric neurologists in underserved regions. 
Targeted recruitment, incentives for specialists to practice in 
resource-limited areas, and enhanced access to AEDs can achieve 
this  [22]. Additionally, investments in diagnostic infrastructure, 
such as EEG, MRI, and CT equipment, are essential to improve 
the early and accurate diagnosis of epilepsy [23]. Strengthening 
diagnostic pathways is especially relevant in light of recent work 
demonstrating the value of structured diagnostic approaches and 
predictive tools—for example, machine-learning-based risk 
stratification models for severe pediatric epileptic conditions 
such as status epilepticus, which showed promising accuracy in 
outcome prediction [24]. Although such tools are not yet widely 
used in Kazakhstan, improving access to diagnostics would 
make their implementation feasible in the future.

Training and education programs for healthcare providers 
are equally crucial, especially in regions with limited expertise 
[25]. These initiatives could include continuing medical 
education programs, telemedicine support to connect rural 
practitioners with specialists in urban centers, and collaborations 
with international organizations to facilitate knowledge 
exchange and adoption of best practices [26,27]. By integrating 
these strategies into a cohesive national policy, Kazakhstan can 
take significant steps toward ensuring equitable and effective 
care for all children with epilepsy.

Limitations
The study relies on secondary data from regional healthcare 

reports. Discrepancies or potential biases in data reporting 
could affect the accuracy of the findings. Some regions may 
underreport epilepsy cases due to limited diagnostic resources 
or a lack of standardized reporting systems. Additionally, as a 
cross-sectional study, this analysis provides a snapshot of the 
current situation but does not capture temporal trends or changes 
in healthcare resource allocation over time. Furthermore, our 
analysis did not fully explore the impact of urban-rural disparities 

or socio-demographic barriers on the access to care for pediatric 
epilepsy patients.

Conclusion
This study highlights the significant disparities in 

the prevalence of pediatric epilepsy and the distribution of 
healthcare resources across the regions of Kazakhstan. These 
findings emphasize the urgent need to address healthcare 
inequities, particularly in resource-limited regions. Increasing 
the availability of trained pediatric neurologists, diagnostic tools, 
and AEDs is essential to ensure equitable care for children with 
epilepsy across Kazakhstan. Future studies should explore the 
underlying causes of regional disparities and assess the impact 
of socioeconomic, cultural, and systemic factors on epilepsy 
management. This evidence can guide targeted interventions and 
inform policies aimed at reducing the epilepsy treatment gap and 
improving outcomes for pediatric patients nationwide.
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Abstract
Objectives: This systematic review aimed to evaluate the role of secretory 

immunoglobulin A (sIgA) and related mucosal immune markers in modulating 
susceptibility to colonization or infection by antimicrobial-resistant (AMR) 
bacteria in human and animal models.

Methods: Studies were included if they assessed mucosal sIgA levels 
about AMR outcomes, reported original data, and were published in English 
between 2015 and June 2025. Exclusion criteria included a lack of mucosal 
immune data or AMR-related endpoints. Databases searched included 
PubMed, ScienceDirect, and EBSCO (Knowledge and Library Hub), with the 
last search performed on June 10, 2025. The quality of the included studies was 
assessed using the checklist for quantitative studies, and data were extracted 
and synthesized narratively, stratified by immune markers, study design, and 
mucosal compartment.

Results: After the systematic search of the databases considered for 
this review and review of available literature indexed in them, eleven studies 
that met the inclusion criteria of this study were included in this review.  The 
mucosal sites investigated in most of these studies were gastrointestinal, 
respiratory, oral, and genitourinary mucosa. Of the eleven (11) studies, four 
carried out investigations in humans while the remaining seven utilized 
animal models. All the included studies reported secretory immunoglobulin 
A (sIgA) level, whereas five of the studies reported other indicators, such as 
cytokines and IgG, alongside sIgA levels. There was consistency in their results 
as increased sIgA levels were linked to decreased infection or colonization by 
AMR pathogens. Moreover, vaccination-based interventional studies showed 
an increase in sIgA post-vaccination or probiotic treatment.

Conclusion: Although in this review we included studies with varying 
methodological approaches as well as studies featuring humans and animal 
models, the evidence from this review indicates that mucosal sIgA offers 
protection against antimicrobial-resistant (AMR) bacteria colonization. 
Therefore, findings from this study suggest that in the quest for addressing 
AMR that approaches targeting mucosal immunity preventative measures 
should be explored through standardized trials.
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Introduction
Antimicrobial resistance (AMR) has emerged as a major 

public health concern, jeopardizing the efficacy of life-saving 
antimicrobials and challenging modern medicine practices. 
According to the World Health Organization (WHO), AMR is 
now one of the top ten global public health threats to humanity, 
with serious implications for common infection treatment, 
surgical procedure safety, and the viability of immunosuppressive 
therapies like chemotherapy and organ transplantation [1]. In 
2019, an estimated 4.95 million deaths were linked to bacterial 
AMR, including 1.27 million deaths directly attributed to 
resistant infections [1, 2].

Without prompt and coordinated global actions, the yearly 
death toll from AMR might reach 10 million by 2050 [3, 4]. The 
situation has been compounded by decades of antibiotic overuse 
in both the human and animal fields, as well as inadequate 
investment in the discovery of novel antimicrobials [4]. As 
recently highlighted in United Nations debates, AMR poses 
an existential danger not just to global health but also to food 
security, economic stability, and national security [5].

This rising issue has heightened interest in alternative 
methods of defense against infectious microorganisms, 
particularly the host's immune system. Mucosal immunity, 
which is dominated by secretory immunoglobulin A (sIgA) 
and supported by cytokines, innate cells, and the microbiota, is 
at the forefront of avoiding microbial colonization at mucosal 
surfaces, where most infections occur [6]. Mucosal areas such 
as the gastrointestinal, pulmonary, and genitourinary tracts are 
crucial interfaces between host and environment, making them 
ideal battlegrounds in the fight against AMR infections. Despite 
its critical function in pathogen exclusion, immune regulation, 
and shaping the mucosal microbiome, mucosal immunity has 
received relatively little attention in mainstream AMR studies. 
A better understanding of how mucosal immune components, 
notably sIgA, interact with drug-resistant pathogens could 
lead to novel preventive and treatments that avoid traditional 
antibiotic use.

The mucosal immune system is the first line of defense 
against antimicrobial-resistant (AMR) pathogens. Secretory 
immunoglobulin A (sIgA), the most common antibody isotype 
in mucosal secretions, provides broad protection by neutralizing 
pathogens, regulating the microbiota, and encouraging 
immunological exclusion. The polymeric nature of sIgA 

allows for multivalent binding to antigens, which promotes 
pathogen clearance via mucus trapping [7,8]. These functions 
are executed through specific mechanisms, such as transcytosis 
via the polymeric immunoglobulin receptor (pIgR), which 
allows sIgA to be secreted over epithelial barriers into mucosal 
regions [8]. Human studies, for example, have shown that 
increased intestinal sIgA corresponds with lower colonization by 
Helicobacter pylori and multidrug-resistant Enterobacteriaceae, 
supporting the notion that increasing mucosal antibody levels 
can prevent AMR pathogen settlement at the early stages [9]. 

The use of probiotics further explains the relationship 
between microbial regulation, mucosal immunity, and AMR 
control. In a randomized controlled trial (RCT) among 
children less than two years old, Lactobacillus plantarum 
supplementation increased salivary and fecal sIgA levels while 
also significantly reducing the carriage of ESBL-producing E. 
coli among antibiotic-treated individuals [10]. Similarly, older 
adults who received Bifidobacterium longum had enhanced 
mucosal barrier indicators and a lower prevalence of multidrug-
resistant Gram-negative bacterial colonization [11-13]. Animal 
studies support these findings; mice colonized with probiotic 
strains had lower gut colonization by carbapenem-resistant 
Klebsiella pneumoniae, which was associated with increased 
sIgA production and upregulation of tight junction proteins [14, 
15]. 

Despite the encouraging evidence, research remains 
disjointed and limited. Human trials examining sIgA as an 
endpoint in AMR colonization are uncommon and sometimes 
hampered by short follow-up and small sample sizes [16]. While 
animal models give mechanistic insight, species variations 
in mucosal immune architecture typically limit the direct 
application of findings to humans [17, 18].

These gaps can be addressed with a systematic review 
integrating human and animal research to determine whether 
variations in sIgA levels or activity at mucosal surfaces 
influence susceptibility to colonization or infection by AMR 
pathogens. This review evaluates evidence on the role of 
secretory immunoglobulin A (sIgA) in antimicrobial resistance 
(AMR), focusing on how variations in sIgA levels at mucosal 
sites influence host susceptibility to resistant pathogens. It also 
identifies methodological gaps and highlights strategies—such 
as mucosal vaccines and probiotic-based interventions—that 
could leverage mucosal immunity in the fight against AMR.

Figure 1 – Graphical Abstract: sIgA-mediated protection against AMR colonization.
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Methods
Study Question
In carrying out this review, we followed the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses 
guidelines in carrying out this study [19], and the research 
question was structured using the PICO framework (Population, 
Intervention/Exposure, Comparator, Outcome) [20]. The PICO 
framework for this study is explained below:

Population (P): Human and animal populations exposed to 
or at risk of infection or colonization by antimicrobial-resistant 
(AMR) bacteria.

Intervention/Exposure (I): Presence or elevation of 
mucosal immune markers at mucosal sites, primarily secretory 
immunoglobulin A (sIgA).

Comparator (C): Individuals or groups with lower or 
baseline sIgA levels

Outcome (O): Colonization, infection, or disease caused 
by AMR organisms, including E. coli, Shigella, MRSA, and 
others.

The research question: Is colonization or infection by 
antimicrobial-resistant bacteria in human or animal hosts 
influenced by the level or activity of secretory IgA at mucosal 
sites?

Eligibility Criteria
Studies were eligible for inclusion if they involved human 

participants or animal models and reported on the relationship 
between secretory immunoglobulin A (sIgA) and colonization 
or infection with antimicrobial-resistant bacteria. Eligible study 
designs included both observational studies (such as cross-
sectional, case-control, and cohort designs) and interventional 
studies, defined as those in which investigators introduced a 
preventive or therapeutic exposure (e.g., vaccination, probiotic 
administration, or mucosal immunotherapy) and subsequently 
measured sIgA levels about antimicrobial resistance outcomes. 
Interventional studies encompassed both randomized controlled 
trials (RCTs) and non-randomized experimental designs, 
provided they reported quantitative assessment of sIgA and 
documented outcomes such as colonization, infection, or 
microbial resistance profiles. To ensure biological relevance, 
studies were required to measure sIgA at mucosal surfaces—
such as the gastrointestinal, respiratory, or genitourinary tract—

using validated techniques (e.g., ELISA). Only full-text articles 
published in English between January 2015 and June 2025 were 
included.

Studies were excluded if they: (1) focused solely on 
systemic immunity (e.g., serum IgG or IgM), (2) lacked 
antimicrobial resistance outcomes, or (3) were review articles, 
editorials, conference abstracts, or case reports. 

Information Sources and Search Strategy
A structured search strategy was developed and executed 

across 3 major databases: PubMed, ScienceDirect, and 
EBSCOhost (Knowledge and Library Hub).The search strategy 
combined terms for secretory IgA, antimicrobial resistance, 
and colonization/infection outcomes, using Boolean logic and 
adjusted database-specific syntax to maximize both sensitivity 
and precision.

The search terms for the three databases were: "secretory 
IgA" OR "sIgA" AND "antimicrobial resistance" OR "antibiotic 
resistance" OR "drug-resistant bacteria" OR "resistance genes" 
AND "colonization" OR "infection" OR "microbial infection". 
Details of the search strategy are provided in Table 1 below.

Study Selection
All records retrieved after applying appropriate database 

filters (such as original articles and studies published in the 
English language) were imported into Zotero for duplicate 
removal. The title and abstract screening was carried out 
independently by two reviewers, using pre-specified eligibility 
criteria. Full texts of potentially relevant studies were then 
reviewed independently for inclusion. Disagreements at any 
stage were resolved through consensus. 

Data Extraction and Management
The data extraction for this study was carried out using 

Microsoft Excel, and we captured information about study 
characteristics, including authors and year of publication, 
countries where the studies were conducted, population features, 
mucosal site sampled, sIgA measurement method, AMR 
organism involved, and key findings from the studies. This 
extraction was conducted by two independent reviewers, and 
entries were cross-checked for consistency and accuracy, and 
any disagreement was resolved through consensus.

Quality Assessment
The quality of the included studies was assessed using the 

Checklist for Assessing the Quality of Quantitative Studies [21], 
as adopted in Silvani et al. (2022) study [22]. This evaluation tool 
was chosen for its completeness and the inclusion of all criteria 
deemed pertinent in assessing quantitative studies. This tool uses 
14 questions for assessment, and every item receives a score 
accordingly. For a “Yes”, a score of 2 was assigned, for a “Partial 
yes”, a score of 1 was assigned, and for a “No”, 0 was assigned. 
Therefore, the lowest possible score to assign a question was 0, 
while the highest score was 2. Items indicated with N/A were 
not considered as the questions were not considered for the study 
design of the study being assessed. Thus, the highest possible 
score from the 14 questions, if all the questions are considered 
for a study, is 28. The final score was calculated by adding the 
total scores across the relevant components and expressing them 
as a percentage of the theoretical maximum. The studies were 
classified as strong quality (>75%), moderate quality (55%-
75%), and weak quality (<55%). Two reviewers completed this 
quality evaluation. Study quality scores that differed between 
reviewers were reviewed until a consensus was reached.

Table 1 Database Search Strategy

Database Search terms Search 
yield

PubMed

 (("secretory IgA"[Title/Abstract] OR 
"sIgA"[Title/Abstract]) AND ("antimicrobial 

resistance"[Title/Abstract] OR "antibiotic 
resistance"[Title/Abstract] OR "drug-
resistant bacteria"[Title/Abstract] OR 

"resistance genes"[Title/Abstract])) 
AND ("colonization"[Title/Abstract] OR 

"infection"[Title/Abstract] OR "microbial 
infection"[Title/Abstract])

26

ScienceDirect

("secretory IgA" OR "sIgA") AND 
("antimicrobial resistance" OR "antibiotic 

resistance" OR "drug-resistant bacteria" OR 
"resistance genes") AND ("colonization" OR 

"infection" OR "microbial infection")

1393

EBSCOhost 
(Knowledge 
and Library 
Hub)

("secretory IgA" OR "sIgA") AND 
("antimicrobial resistance" OR "antibiotic 

resistance" OR "drug-resistant bacteria" OR 
"resistance genes") AND ("colonization" OR 

"infection" OR "microbial infection")

43
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Ethical Considerations
This review does not involve any human participants; 

rather, it involves the synthesis of publicly available data; 
therefore, ethical approval was not required.

Results
Study Selection
A total of 1,462 records were retrieved from three 

databases—PubMed (26), ScienceDirect (1,393), and EBSCO 
(43). Following the application of database-specifi c fi lters—
including date range (2015–2025), language (English), full 
text articles, and study type (original quantitative research), 
1,383 records were excluded. Of the remaining 79 articles, 15 
duplicates were removed, and 64 articles were subjected to title 
and abstract screening. Twenty-six articles were selected for 
full-text review.

Eleven studies met the inclusion criteria and were included 
in this review [23-33]. The remaining 15 studies were excluded 
for the following reasons: lack of mucosal immune marker 
assessment (n = 11), review article (n = 2), and no AMR-related 
outcomes (n = 2).

These studies include both human and animal models 
and focus primarily on secretory IgA (sIgA) and its role in 
colonization or infection with antimicrobial-resistant organisms. 
The full selection process is depicted in Figure 2 (PRISMA fl ow 
chart).

Characteristics of Included Studies
This review synthesized evidence from 11 studies as 

contained in Supplement fi le 1. These studies were published 
between 2017 and 2024, involving both human participants (n = 
4) and animal models (n = 7), in order to examine the relationship 

between mucosal immune markers—particularly secretory 
immunoglobulin A (sIgA)—and colonization or infection with 
antimicrobial-resistant (AMR) pathogens. These studies were 
conducted in countries like China (n=5), India (n=2), the USA 
(n=2), Italy (n=1), and Ukraine (n=1).

However, among these included studies, one (1) is an 
observational study [26], while ten (10) employed interventional 
study designs, and the interventions featured include mucosal 
immunotherapy, vaccination and probiotics [23-25, 27-33]. The 
population studied in the human studies was mainly adults and 
patients with periodontitis or recurrent urinary tract infections. 
Whereas for studies involving animals, they predominantly used 
murine or poultry models.

When considering the mucosal site samples, the 
gastrointestinal tract was the most common(n = 7), followed by 
the genitourinary tract (n=2), then the respiratory tract (n=1), 
and the oral cavity (n=1). Secretory IgA was quantitatively 
assessed in all the studies through ELISA or immunoassays. 
Aside from the sIgA, some studies additionally reported other 
mucosal immune markers, including mucosal IgG, IL-6, and 
TNF-α [25, 33].

Nevertheless, these studies targeted a variety of 
AMR pathogens, including multidrug-resistant Salmonella, 
Acinetobacter baumannii [27], MRSA [23], Campylobacter 
jejuni [24], and others. However, bacterial colonization, 
infection severity, vaccine-induced protection, and mucosal 
immune response agnitude were the outcomes measured.

Quality Assessmentm
The total adjusted scores for the eleven studies included in 

this review ranged from 14 to 27, with maximum possible scores 
between 22 and 28, depending on the applicability of the criteria. 
All of the studies are of high quality except for the Gudaryan et 

Figure 12– Prisma Flow chart
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al. (2020) study (the only non-interventional study included in 
this review), which is of moderate quality [26]. The variations in 
the scoring are mainly linked to limited control of confounding, 
absence of blinding, and minimal analytical depth. Despite 
some variability, all included studies met the quality criteria for 
inclusion in the synthesis. A detailed breakdown of the quality 
assessment scoring using the Checklist for Assessing the Quality 
of Quantitative Studies is provided in the Supplementary File 2.

Thematic Synthesis
According to the thematic synthesis of the findings 

from the included studies, as discussed under the subsequent 
heading, mucosal immune markers, in particular secretory 
immunoglobulin A (sIgA), significantly influence the 
susceptibility of both human and animal models to colonization 
and infection by antimicrobial-resistant (AMR) pathogens. 

Mucosal sIgA as a Protective Marker Against AMR 
Pathogens

Increased mucosal sIgA levels were typically linked to 
decreased bacterial colonization, less severe illness, or improved 
clearance of AMR pathogens in both observational and 
interventional studies. For example, in a clinical human study, 
Clarkson et al. (2020) reported that systemic IgG responses were 
not predictive of illness outcome, whereas elevated baseline 
serum and fecal LPS-specific IgA titers were associated with 
protection against Shigella sonnei infection  [32]. Similarly, 
fecal sIgA responses after oral Shigella immunization peaked 
after 10 days and contributed to mucosal bactericidal activity, 
according to Shrivastava et al. (2023) [33].

Moreover, in animal models, mucosal sIgA induction, either 
through probiotics or vaccination, was associated with decreased 
colonization by Acinetobacter baumannii and Campylobacter 
jejuni according to Wang et al. (2017) and Perruzza et al. (2020) 
studies [23, 24]. These results highlight the critical function of 
sIgA in blocking resistant bacteria's adherence to and invasion 
of the mucosa.

Mucosal Site Variation and Study Design
Most of the studies assessed gastrointestinal sIgA 

responses, particularly about enteric pathogens such as Shigella, 
Salmonella, and E. coli. For instance, Xiangchen et al. (2024) 
discovered that mice exposed to Lactobacillus strains had higher 
intestinal sIgA levels [30], which in turn reduced colonization 
by E. coli strains that produce extended-spectrum β-lactamase 
(ESBL). On the other hand, Li et al. (2020) study showed that 
aerosol immunization improved sIgA in the respiratory mucosa, 
protecting rats against strains of Acinetobacter that are resistant 
to multidrug [27].

Notably, interventional studies such as that of Haldar 
et al., (2024) and Wang et al., (2017) provided more robust 
causal evidence linking sIgA to AMR mitigation [23, 28], 
while observational study by Gudaryan et al., (2020) primarily 
identified correlational associations between baseline sIgA 
levels and bacterial infection [26].

Effects of Other Mucosal Immune Markers
Although the main focus was on sIgA, a number of studies 

also reported on other mucosal markers, including pIgR, TNF-α, 
IL-6, and IgG, providing an additional perspective of mucosal 
immunity. For instance, Gorain et al. (2021) discovered that 
resistance to multidrug-resistant E. coli was linked to the co-
expression of IgA and IL-6 in the gut, indicating that cytokine-
mediated immune regulation could join forces with sIgA [25].

Comparative Insights from Human and Animal Studies
While real-world evidence of mucosal immune responses 

and their correlation with disease and colonization resistance was 
presented in human studies, molecular insights and experimental 
control (e.g., by vaccination, microbiota manipulation) were 
investigated in animal models. The functional significance 
of mucosal sIgA in mediating protection in natural infection 
settings is supported by Clarkson et al. (2020), who found that 
individuals with higher baseline fecal and serum sIgA levels 
targeting Shigella lipopolysaccharide had lower incidence and 
severity of disease in a controlled human challenge study [32]. 
Similarly, after oral vaccination with live attenuated Shigella 
strains, mucosal sIgA responses peaked after 10 days and were 
linked to increased bactericidal activity against resistant strains in 
stool samples, according to Shrivastava et al. (2023) [33]. These 
suggest that, even in real-world or semi-controlled settings, 
mucosal immune activation, in particular sIgA production, can 
function as a modulatory factor and a predictive marker in host 
defense against AMR pathogens.

On the other hand, dietary or pharmacological interventions 
that altered sIgA secretion were associated with quantifiable 
decreases in pathogen load and inflammation in controlled 
animal experiments, as reported by Li et al. (2024), underscoring 
mucosal immune markers as modifiable predictors of AMR 
outcomes [31].

Ultimately, findings from these studies support the 
hypothesis that variations in sIgA levels and activity at 
mucosal surfaces significantly influence host susceptibility 
to antimicrobial-resistant pathogens. While sIgA emerged as 
a consistently relevant marker, its protective role was often 
potentiated by other immune effectors such as IgG and cytokines. 
Differences across species, mucosal sites, and study designs 
suggest that mucosal immune dynamics are highly context-
dependent, and future research should prioritize longitudinal 
human studies and integrative immune profiling to better define 
correlates of protection.

Discussion
Confirmed Findings
This review demonstrates that mucosal secretory IgA 

(sIgA) consistently reduces colonization and disease caused by 
antimicrobial-resistant (AMR) pathogens. Across both human 
and animal studies, higher sIgA levels were associated with 
decreased bacterial adherence, reduced symptom severity, and 
improved pathogen clearance. Interventional studies provided 
particularly strong evidence: for example, Wang et al. (2017) and 
Perruzza et al. (2020) reported 2–5-fold increases in sIgA levels 
with corresponding reductions in MRSA and Campylobacter 
colonization [23, 24]. These findings support the biological role 
of sIgA as a first-line defense mechanism that excludes pathogens 
at mucosal surfaces before systemic infection develops [34–36].

Nuances and Complexities
The protective role of sIgA rarely acts in isolation. Several 

studies reported congruent elevations in cytokines such as IL-6 
and TNF-α alongside sIgA, suggesting synergistic immune 
pathways that reinforce epithelial integrity [25, 28]. The 
microbiota also emerged as an important modulator: commensal 
organisms stimulate sIgA secretion through Th17 and polymeric 
IgR pathways, enhancing colonization resistance [39–41]. 
Restoration of microbiota in antibiotic-treated mice further 
demonstrated improved sIgA-mediated protection [42–44]. 
Moreover, site-specific effects were noted. While gastrointestinal 
studies consistently demonstrated protective sIgA activity, 
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respiratory and genitourinary models showed variable responses 
[27, 31], underlining that mucosal immune dynamics are highly 
context-dependent.

Limitations and Methodological Considerations
Despite these promising findings, several limitations 

must be acknowledged. Most animal studies lacked blinding or 
randomization, introducing risk of bias, while human trials were 
often underpowered and of short duration [16, 26]. Importantly, 
heterogeneity in study designs, mucosal sites, and outcome 
definitions affected the synthesis of findings. For example, 
inconsistent definitions of “colonization” versus “infection,” 
varied laboratory methods for measuring sIgA, and differences in 
population characteristics limited comparability across studies. 
This variability not only complicates interpretation but also 
raises the possibility of selective reporting or measurement bias. 
Addressing such heterogeneity will be critical for strengthening 
future evidence [17, 18].

Implications and Future Directions
The findings of this review reinforce the translational value 

of targeting mucosal immunity in AMR prevention. Vaccines 
such as FimH and ExPEC4V, as well as sublingual formulations 
like Uromune (MV140), demonstrate the feasibility of mucosal 
immunization for reducing recurrent infections and antibiotic 
use [45, 46]. Probiotic interventions and microbiota-modulating 
strategies also offer accessible, non-antibiotic approaches to 
enhancing sIgA responses [10, 11, 14]. Future research should 
prioritize standardized measurement of mucosal markers, 
longitudinal human trials, and integrative immune profiling that 
combines sIgA with cytokines, IgG, and microbiome analysis. 
For clinicians, these findings emphasize the need to consider 
mucosal immunity in patient risk assessment and treatment 
planning. For researchers, they identify sIgA as a measurable 
endpoint for intervention trials. For policymakers, they highlight 
the strategic importance of investing in mucosal immunization 
programs as part of a comprehensive response to the AMR crisis 
[1–5].

Strengths of the Study
The included studies were conducted across varied 

geographical and clinical contexts, encompassing both human 
populations and animal models, which enhances the external 
validity of the findings. The inclusion of both observational 
and interventional designs allows for a well-rounded synthesis 
of real-world and mechanistic evidence. Most studies assessed 
secretory IgA quantitatively using standardized immunoassays, 
and several explored co-regulation with other immune markers, 
offering deeper insight into mucosal immune dynamics. 
Furthermore, the comprehensive search strategy across multiple 
databases and the use of an established quality assessment tool 
ensured methodological rigor.

Limitations of the Study
The heterogeneity in study designs, mucosal sites, and 

outcome definitions also affected the synthesis of findings. 
For example, differences in how colonization versus infection 
outcomes were measured, or in the techniques used to quantify 
sIgA, limited direct comparability. This variability increases the 
risk of interpretive bias and highlights the need for standardized 
definitions and protocols in future research.

Conclusion
This systematic review affirms that secretory IgA (sIgA) 

is a critical first-line defense at mucosal surfaces, where it 

prevents colonization and infection by antimicrobial-resistant 
(AMR) bacteria. Evidence from both human and animal studies 
consistently shows that elevated sIgA levels are associated with 
reduced AMR pathogen burden, with effects further strengthened 
by interactions with cytokines, IgG, and the microbiota.

Despite these promising findings, methodological 
heterogeneity—ranging from differences in study design and 
outcome definitions to variations in sIgA measurement—
limits comparability and underscores the need for standardized 
protocols in future work. Addressing these limitations will be 
critical for translating sIgA from a biological marker into a 
reliable predictor of protection against AMR.

The implications of this review extend across stakeholders. 
For clinicians, sIgA offers a potential biomarker for risk 
stratification in patients vulnerable to resistant infections. For 
researchers, it highlights the need for longitudinal human studies 
that integrate immune profiling with microbiome analysis. For 
policymakers, the findings emphasize the value of investing 
in mucosal vaccine development, probiotic interventions, and 
other preventive strategies as part of global AMR control efforts.

Ultimately, strength------ening mucosal immunity—
particularly through interventions that boost sIgA—represents 
a promising, non-antibiotic pathway for reducing the global 
burden of antimicrobial resistance.
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Abstract
During the last decade, clinical application of extracellular vesicles (EVs) is 

of growing interest. Despite the progress in exploring the therapeutic potential 
of EVs, e.g. as disease markers or the carriers for therapeutic substances, 
it is important to identify proper storage conditions – this issue is indeed 
challenging. A subtype of EVs known as exosomes is of great importance in 
the therapeutic applications because they participate in the regulation of 
intercellular communication. Currently, exosomes are considered as a promising 
tool in the regenerative medicine. The therapeutic potential of exosomes 
and other subtypes of EVs, especially for their using in immunomodulation 
and drug delivery, dictates great attention to the methods for their storage, 
in particular for a long periods of time. Lyophilization is one of the best such 
methods designed to preserve cell-free EV-based products. In our mini-review, 
we discuss the main methods developed for stabilizing cell-free products and 
getting stable solid forms of EVs that are capable for long-term storage. We also 
point out that the methods need to be following both the ease of transportation 
and the retaining the functionally important properties for in vivo applications. 
The development of optimal protocols for storing the EVs are therefore 
crucially important for warranting that structural and functional integrity of 
EVs, exosomes in particular, are maintained intact or at least modified as less 
as possible. For comprehensiveness of our review, we refer to original studies 
which investigated how the storage temperature and freezing methods may 
affect stability of the final EV product. We summarize advances in the area of 
freeze-drying EVs (exosomes), the selection of optimal process parameters and 
lyoprotectants, the interplay between lyophilization parameters and specific 
functional properties of exosomes, and the preservation of their biological 
activity after reconstitution before application in vivo. 

Keywords: extracellular vesicles, exosomes, lyophilization, cryopreser
vation, biomedical cell-free products
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1. Introduction
Cells are constantly engaged in the exchange 

of molecular signals, and one of the most efficient 
ways they communicate is through the release of 
extracellular vesicles (EVs). This form of intercellular 
interaction relies on a multistep intracellular machinery 
that governs the formation, packaging, and secretion 

of vesicular structures [1]. At the final stages of their 
maturation, EVs appear as lipid-bounded particles 
that transport a broad spectrum of biologically active 
components. It includes proteins, diverse RNA species 
and their fragments, nucleic acids, metabolites, and 
lipids synthesized inside the parent cell [2]. The 
complexity and heterogeneity of the cargo is considered 
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a key feature of EVs because it extends their functional versatility 
and allows them to regulate a wide array of biological processes. 
Indeed, they are important mediators in the cell-to-cell inter-talk 
because they transport various ready-to-use proteins (including 
receptors and ion channels). In turn, it makes possible to perform 
different functions by the same carriage. For example, EVs 
contain certain types of RNA (mRNA, miRNA, siRNA, etc.) and 
can also contain DNA fragments that is critical in inter-cellular 
signaling (paracrine regulation). In addition, they can affect 
function of distant cells at the systemic level via circulatory 
system. Under physiological conditions, EVs contribute to tissue 
homeostasis and support normal regulatory pathways. However, 
their involvement becomes even more pronounced during 
pathological events, when cells release vesicles enriched with 
stress-associated or damage-related molecules. In this scenario, 
the function of recipient cells can be regulated both directly (via 
fusion to the cell membrane and releasing the content inside 
the cell) and indirectly (via activation of extracellular signaling 
molecules).

Virtually all cell types are capable of releasing EVs, making 
this mechanism one of the most energy-efficient routes of cell-
to-cell signaling aside from direct electrical communication. 
Nevertheless, EVs generated by terminally differentiated cells 
tend to carry limited regenerative potential. In contrast, vesicles 
secreted by stem cells have been shown to reproduce many of 
the therapeutic functions attributed to mesenchymal stem cells 
(MSCs) themselves [2, 3]. Current classifications describe 
three main categories of EVs – microvesicles, exosomes, and 
apoptotic bodies – which differ in their origin, release pathways, 
morphology, cargo composition, and functional features. The 
main characteristics and differences between the different types 
of EVs, including their functional role in intercellular signaling, 
are summarized in Table 1. 

Among different EV types, exosomes represent the most 
mobile and biologically active population. They are widely 
detectable in blood and can also be isolated from various 
body fluids such as urine, breast milk, saliva, bile, lymph, and 
cerebrospinal fluid. The molecular profile of exosomes includes 
numerous signaling factors that demonstrate selective tropism 

toward particular cell types, with their composition strongly 
influenced by the microenvironment of the secreting cells [1, 2, 
3]. The simultaneous circulation of diverse exosome populations 
in extracellular fluid allows fine modulation of multiple 
recipient cells (and diverse types of cells) at once. When cells 
experience stress or damage, they release exosomes enriched 
with pathological molecular signatures, including proteins and 
miRNAs characteristic of disease states. This explains their 
pivotal contribution to tumor progression and metastasis but has 
also been proven as a key player in numerous non-cancerous 
disorders [4, 5]. Consequently, exosomes have emerged as 
promising diagnostic and prognostic biomarkers, with high 
relevance for personalized therapeutic decision-making.

Exosomes also interact with immune cells by presenting 
antigen structures on their surface and can influence recipient 
cells directly after fusion with their plasma membranes. These 
properties open possibilities for engineering therapeutic 
exosomes loaded with tailored protein or nucleic-acid cargo. 
The exosomes preloaded by biologically active molecules can be 
targeted to specific tissues to support their protection and repair 
[1, 2]. Their involvement in neural regeneration – such as myelin 
formation, neuronal outgrowth, and the recovery of injured glial 
and neuronal cells – has been demonstrated in several studies 
with in vitro models [6, 7]. Recent studies suggest their active 
contribution to the regenerative capacity of mesenchymal stem 
cells. For example, the recovery of myocardial tissue through 
the reparation of damaged cardiomyocytes or triggering 
differentiation of immature cells to cardiomyocytes [8] or the 
recovery of retina in patients with diabetes mellitus [9] can be 
mediated by exosomal transport. 

The high potential for using EVs for diagnostic and 
clinical purposes, along with their direct involvement into the 
intercellular communication, signaling, and molecular transfer, 
opens the possibility of using them in biomedicine [10]. EVs 
are currently gaining increasing attention as cell-free platforms 
capable of the delivery of drugs, cellular therapeutics, and 
clinical biomarkers [1, 2, 11]. Extracellular vesicles are very 
stable in vivo and they are typically not rejected when crossing 
biological barriers. The loading capacity of the exosomes allows 
for delivery of genetic information between cells, which enables 
sharing of epigenetic changes and affecting to recipient cells 
by genetic reprogramming [7, 11]. However, there are some 
limiting factors that should be considered in the context of 
therapeutic applications of EVs. To be used in clinical settings, 
EVs must be produced in sufficient quantities while maintaining 
their viability intact or modified in minor extent. Large-scale 
production of EVs while maintaining structural and functional 
integrity remains challenging. One of the important problems 
is that their long-term preservation requires specific storage 
techniques to prevent degradation of the carrier itself or cargo 
loss in time [4].

Published studies indicate that EVs behave similarly to living 
cells regarding sensitivity of their membrane structure (protein- 
and lipid-based content, morphology, etc.) to environmental 
conditions. Variations in storage temperatures have been 
shown to affect both vesicle integrity, functional recovery after 
thawing, fusion properties and other key features of the EVs [3, 
10, 11]. Once the EVs are produced, the storage temperature 
significantly affects their recovery and integrity, showing that 
different temperature ranges promote different alterations in the 
EVs [5, 12]. Temperature-dependent structural changes highlight 
the need for proper preservation methods, among which two 
strategies dominate in current practice. First are deep-freezing 

Table 1 Main characteristics of intercellular vesicles of 
various types involved in intercellular signaling

Properties Exosomes Microvesicular 
bodies Apoptotic cells

Size 30-150 nm 100-1000 nm 500-2000 nm

Origin

Endosomal 
pathway 

(exocytosis of 
microvesicular 

bodies)

Detachment 
from plasmatic 

membrane

Cell fragmentation 
in apoptosis

Composition Proteins, lipids, 
RNA, microRNA

Membrane-bound 
proteins, lipids, 

RNA

Cytoplasmic 
fragments, 

organelles, DNA 

Functions

Intercellular 
communication, 

immune 
regulation

Transfer cell 
signaling

Removal of cell 
debris

Protein 
markers 

CD9, CD63, 
CD81, Alix, 

TSG101, Flotillin 
1,2

Matrix 
metalloproteases, 

ARF6, CD40

Phosphati
dylserine, 

calreticulin, CD45, 
Caspase 3, C1q

The 
mechanism of 
release  

Exocytosis Budding from the 
cell

Cell damage and 
destruction

Nature Endogenic Endogenic Endogenic
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techniques such as cryopreservation, the second are dehydration 
techniques such as freeze-drying (lyophilization). In our mini-
review, both approaches are examined in detail, with emphasis 
on their advantages, constraints, and practical implications for 
the long-term storage of extracellular vesicles.

2. Cryopreservation
Cryopreservation has become one of the most widely 

applied strategies for maintaining biological materials in 
a functional state over extended periods. Its routine use in 
laboratory and clinical practice allows long-term storage 
of diverse biospecimens while retaining their viability and 
physiological activity. The availability of cryopreserved samples 
on demand – including cells, tissues, and complex preparations 
accumulated in biobanks – significantly simplifies research 
workflow and ensures constant access to standardized material 
for analytical and transplantation purposes. This eliminates the 
necessity for frequent procurement of freshly isolated samples 
and enables thorough quality assessment prior to their clinical 
use. Stem cells, for instance, can be stored for prolonged 
periods without a measurable reduction in their regenerative 
or therapeutic properties, which is crucial for regenerative 
medicine and anticancer applications. Likewise, cryogenic 
storage of embryos and oocytes has long been an essential 
component of reproductive technologies [1, 4, 13, 14]. In 
addition, the proven feasibility of long-term storage of microbial 
cultures, established cell lines, and tissue samples provides a 
stable resource for research activity and supports continuous 
advancement in biomedicine. Preservation of genetic material 
of rare microbial strains plays an equally important role, as it 
ensures lineage continuity and creates opportunities for further 
genetic engineering applicable in corresponding research fields 
[2, 11, 15].

Cryopreservation can theoretically be applied to nearly any 
biological substrate — from cell-free and single-cell preparations 
to tissues, organs, and bacterial cultures. However, because 
biological material consists predominantly of water, exposure 
to subzero temperatures inevitably triggers ice crystallization. 
The formation of intracellular and extracellular crystals is 
one of the major factors contributing to irreversible damage, 
compromising membrane integrity and internal organization 
of cells and vesicles. Repeated freeze-thaw cycles further 
exacerbate this effect by reducing the concentration of bioactive 
molecules. In addition, these cycles induce degradation of RNA 
and proteins, and promote aggregation of the cellular content 

hindering its functional capacity. These forms of cryo-injury 
highlight the necessity of using cryoprotective compounds 
capable of mitigating structural and biochemical damage during 
freezing [6, 11, 16].

Cryoprotectants allow for avoiding physical effects 
(crystallization), osmotic damage, chemical changes like variation 
in pH and cytoplasmic ion content. They also maintain protein 
molecular stability and the spatial organization of intracellular 
membranes (if any cell organelles are present in a product) and 
outer membrane [1, 3, 17]. Two types of cryoprotectants are 
used now: membrane-permeable and membrane-impermeable. 
Membrane-permeable cryoprotectants, such as dimethyl 
sulfoxide (DMSO), are substances with relatively low molecular 
weight. Accordingly, this property facilitates their permeation 
through double-layer membranes without involvement of 
passive or active transmembrane transport. The cryoprotectants 
of this type stabilize the vesicular membrane from the inside. 
In contrast, non-permeant cryoprotectants, such as sucrose and 
trehalose, can not cross the membrane due to their high molecular 
weight. They therefore reside outside the EV membranes, 
mostly being incorporated into the glycocalix and affecting the 
structural properties of the cell membrane [4, 5, 18]. 

Despite the advantages of cryogenic preservation, several 
limitations persist. Reports repeatedly describe cytotoxicity and 
impairment of signaling pathways associated with the use of 
permeable cryoprotectants, particularly at higher concentrations 
or prolonged exposure [13, 14, 19]. Technical and logistical 
issues may also compromise sample integrity and stability. 
Interruptions in power supply, failure of refrigeration systems, or 
delays in refilling liquid nitrogen tanks may lead to unexpected 
sample loss, operational delays, and substantial financial burden 
[7, 20]. Furthermore, the requirement for uninterrupted storage 
at ultralow temperatures (for example, at -80 degrees Celsius 
or below) makes cryopreservation an inherently resource-
dependent and costly approach.

3. Lyophilization (Freeze-drying)
Compared with cryopreservation, which is better suited 

for storing bulk cell preparations and tissues, lyophilization has 
emerged as one of the most suitable approaches for stabilizing 
cell-derived bioproducts such as peptides, proteins, extracellular 
vesicles, and vaccines [3, 21]. A major advantage of this method 
is that the biomaterial can be converted into a dry, solid form 
that remains its functional features for extended periods. 
Numerous studies show that when freeze-drying is performed 

Figure 1 – The main stages of the cell lyophilization process

Image was created in Biorender.com.
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in the presence of suitable cryoprotective agents, EVs preserve 
their morphology, size distribution, protein cargo, and overall 
biological activity. Importantly, lyophilized EVs maintain 
comparable rates of uptake and exhibit functional properties 
similar to freshly isolated vesicles [1, 11, 22, 23]. The principal 
stages of the process are illustrated in Figure 1.

First, freeze-drying is based on freezing water and then 
removing it away from the sample. Sublimation is the key step 
in the whole freeze-and-dry process, whereby water almost 
instantly transforms from solid state to the vapor, bypassing 
the liquid phase. This occurs under high pressure and at 
temperatures below 0°C. The process consists of three stages, 
which are schematically represented in Figure 1, each with 
different effect to the final quality of the product (see below) and 
different duration. During the first stage, which is the freezing, 
the sample solidifies with formation of ice crystals. Next, the 
second stage starts by the placement of the frozen sample to the 
vacuum allowing the ice to transform into a vapor (gas) without 
entering the liquid phase. The sublimation is accelerated in a 
heated condition. A low temperature condenser converts the 
evaporated water released from the vacuum chamber into a solid 
state [11, 21, 24, 25]. 

It should be noted that before freezing the biosamples 
must undergo specific pre-treatment. This includes adjusting the 
product concentration, introducing of components to enhance 
product stability, reducing the amount of solvent with high vapor 
pressure, and other technological measures. During the freezing 
stage, pure water ice crystals start to form and concentrate in the 
sample by solidification – they may present in amorphous state 
or in crystals or in combination of the two states [5, 10, 13, 23]. 
The sample temperature is lowered below freezing to achieve 
solidification. When temperature goes down the freeze-point 
of the sample’s medium, the thermodynamically favorable ice 
clusters have higher probability to form. These clusters both act 
as the nuclei for initiation of medium crystallization and stimulate 
the crystallization process [1, 4, 5, 26]. After nucleation, ice 
crystals grow by increasing their volume; in a sample there are 
many nucleation sites appearing simultaneously, which provides 
nearly homogeneous freezing of the sample.

The freezing stage has direct influence on subsequent 
stages of the whole cycle of lyophilization. For example, higher 
super-cooling (lower crystal-nucleation temperature) promotes 
faster nucleation, resulting in appearance of larger amount of 
small nuclei, comprising in total much larger surface area. This 
prolongs primary drying time but increases the rate of desorption 
of unfrozen water during the next stage of lyophilization (second 
drying) [12, 19, 27-30]. In contrast, lower super-cooling with 
high crystal-nucleation temperature facilitates occurrence 
of much smaller amount of crystals but each crystal is larger. 
Altogether, it reduces the time needed for primary drying and 
prolongs the duration of secondary drying. However, depending 
on the design and capacity of the freezing apparatus, different 
vials of biosamples may cool under non-equal conditions. 
Subsequently, it may lead to variations in the rate of freezing or 
quality of final product between vials and batches [5, 13, 27, 31]. 

Of note, the cell debris, remnants of disrupted cells, and 
organelles should be discarded prior to the process because they 
do not bear functional load, need longer recovery time, and have 
reduced stability [14, 32]. The progression of ice formation leads 
to decrease in free water content. Because most of chemicals 
are not soluble in solid phase of the water, this in turn makes 
all the solutes dissolved in the liquid phase of sample’s medium 
to be increasingly concentrated. The elevated concentrations of 

dissolved solutes in freezing sample contribute to the increasing 
in viscosity of the liquid medium until solid ice can no longer 
form. Because freezing conditions strongly contribute to the 
structure of the frozen matrix and the quality of the final product, 
the entire process requires permanent control, especially its first 
stage as most critical one [11, 21, 28, 33].

The primary drying is the main step of the whole drying 
process. It typically takes a longer time compared to other phases 
of the freeze-drying process, making it another critical step in 
the developing and optimizing the lyophilization process [4, 5, 
22, 29]. Since primary drying step is in progress, it is needed 
to reduce pressure and provide sufficient heat to the sample to 
sublimate the ice [1, 24, 25]. During the initial drying stage, 
approximately 95% of the water in the material is subliming. 
This process can take a significant amount of time, as too much 
heat can alter the structure of the material.

Subsequently, while the primary drying step is occurring, 
the ice is continuously subliming into the vacuum. Vacuum 
accelerates sublimation, making it useful for targeted drying. 
The driving force for sublimation is the actual difference 
between the temperatures of ice and the surface of condenser 
[11, 35-38]. The heating is required for effective sublimation 
while the physical way it is transferred into the sample (e.g. 
radiation or convection) does not play a role. The heat supplied 
should be high enough to promote ice sublimation, but the 
sample temperature should remain lower enough to prevent the 
precipitate from collapsing after freeze-drying [3, 15, 16, 20]. 
The cold chamber of the condenser and its plates all represent 
a surface to re-solidification of water vapor. The primary role 
of condenser is to prevent entering the vapor to the vacuum 
pump, otherwise the performance of the system may be affected 
[18, 24, 25, 34, 39]. The chamber must be pressurized fairly 
below the level of saturated vapors throughout the process to 
promote ice sublimation. The pressure is controlled using a 
partial vacuum. If the pressure is lowered, it elevates the actual 
difference in vapor pressure between ice and condenser, but it 
also significantly reduces the convective heat flow, which slows 
down sublimation [6, 11, 19, 40-42].

The next step is secondary drying. During this stage, water 
is gradually evaporated by heating and vacuum [15]. However, 
the amount of unfrozen water may still be significant (20-50%) 
during this process [5, 11]. The final moisture content of the 
lyophilisate is a critical parameter, as it determines the product's 
on-shelf stability. During this stage, the temperature must be set 
at much higher levels compared to the settings during primary 
drying. This is needed for disrupting the physicochemical 
interactions between water molecules still adhered to the 
frozen sample. Because the ice is removed in primary drying, 
this reduces both risks of melting and sample decomposing to 
minimal levels [3, 24, 43, 44]. During this stage, the pressure 
is also typically reduced to stimulate desorption. However, the 
temperature increase is preferably carried out slowly (≤1 °C/
min) to avoid decomposition.

One or more drying phases may be carried out at any 
suitable temperature. The pressure at which the drying phase is 
carried out may also vary because it depends on the design of 
the chamber, vacuumizing rate and intensity, etc. As a result, the 
final product is completely dry, ensuring greater stability and a 
longer shelf life.

The parameters of secondary drying determine the long-
term stability of the final lyophilized product. The optimal residual 
moisture content is commonly expected to be between 0.5% 
and 3% [12], although certain biological materials demonstrate 
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better functional recovery when slightly higher moisture levels 
are retained [16, 22, 38]. Thus, proper optimization of secondary 
drying is essential for preserving structural integrity, ensuring 
biological activity, and achieving efficient rehydration upon 
use. As well, optimal residual water content is crucial for the 
successful recovery of lyophilized biomaterials and cells.  

4. Lyoprotectants 
Lyoprotectants represent a broad group of chemical 

compounds that safeguard biological preparations during 
freezing and drying by altering the physical properties of the 
surrounding medium. A key mechanism of their action is 
the ability to markedly increase viscosity, which slows or 
even suppresses the formation of crystalline ice. Under these 
conditions, water solidifies predominantly in an amorphous, 
non-crystalline state, forming a glass-like matrix (in contrast to 
typical lattice-structured ice under normal conditions). This is 
essential because crystal growth can deform and rupture lipid 
membranes, and therefore damage vesicle structure at the very 
initial stage of production. During sublimation, when bulk water 
is removed, the phospholipid bilayer tends to lose structural 
cohesion. Sugar-based lyoprotectants compensate for this by 
replacing water molecules and stabilizing the interface between 
the inner and outer leaflets of the membrane [4, 16, 25]. In this 
way, lyoprotectants prevent collapse or shrinkage of vesicles and 
sustain their native architecture.

A large variety of lyoprotectant formulations exists, 
and their composition is selected depending on the biological 
material, its molecular cargo, and the anticipated route of 
application. For some EV-based preparations, a single protective 
compound may suffice, whereas other formulations require 
mixtures that perform several roles simultaneously. These 
mixtures may include buffering agents, osmotic regulators, 
fillers, or additional stabilizers [5, 18, 28]. Proper buffering 
is especially important: the pH of the medium must remain 
stable during freezing and drying. Certain common buffers, 
such as phosphate-based ones, experience significant and/or 
non-linear pH shifts in response to temperature changes and 
therefore can compromise vesicle integrity. Replacing them 
with temperature-stable buffers helps avoid undesirable osmotic 
shrinkage or swelling during the critical phases of freezing 
[17, 19-21]. Besides sugars, biopolymers such as alginate can 
serve as auxiliary stabilizers. For example, alginate enhances 
structural durability by interacting with protein surfaces and 
lipid membranes. It also reduces formation of nucleation sites 
and supports the stability of exosomes during the freeze-drying 
cycle.

Among all lyoprotective agents, disaccharides are 
considered the most versatile. They substitute the hydration 
shell around vesicles by forming extensive hydrogen-bond 
networks with phospholipid headgroups. As a result, amorphous 
sugar matrix is produced which prevents aggregation, fusion, or 
denaturation of proteins within EVs [8, 11, 22, 45]. Trehalose is 
widely recognized as the most effective of these disaccharides 
for preserving extracellular vesicles and other delicate biological 
systems during lyophilization [6, 13, 17, 21]. Found naturally in 
yeast, fungi, bacteria, and many plants, trehalose enables these 
organisms to withstand severe dehydration or freezing. During 
lyophilization of EVs, trehalose acts as a molecular scaffold that 
maintains vesicle conformation as the water content decreases. 
Its efficacy has been demonstrated across many biological 

preparations, including cell-free products and multiple cell types 
[22, 24, 40].

Trehalose is frequently combined with membrane-permeant 
cryoprotectants such as 10% DMSO. This dual approach 
often improves post-thaw recovery, enhances proliferative 
capacity of thawed cells, and preserves membrane integrity 
and intercellular contacts when multicellular constructs are 
being cryopreserved. Experimental findings point to an optimal 
working range of 100-400 mM trehalose. Higher concentrations 
of trehalose can compromise viability through osmotic stress. 
Interestingly, introducing trehalose enables the use of lower 
DMSO concentrations, which is particularly beneficial 
considering the cytotoxic potential of high DMSO levels. The 
natural origin, affordability, and broad compatibility of trehalose 
make it a preferred choice for both cellular and acellular  
products.

Evidence accumulated over recent years clearly shows 
that trehalose-based formulations maintain the structure and 
biological activity of EVs over long periods of storage [18, 24, 
25, 34]. Because lyophilization inevitably exposes samples to 
physical, mechanical, and chemical stresses, the strategic use 
of lyoprotectants – whether individually or in combination – 
is essential for minimizing molecular degradation, preserving 
vesicle morphology, and maintaining functional characteristics 
during all stages of the freeze-dry process [11, 13, 46, 47].

5. Discussion
Contemporary experimental evidence highlights the 

broad potential of exosomes and EVs in regenerative medicine, 
dermatological applications, oncological therapy, and other 
biomedical areas. It becomes a valuable tool for anti-tumor and 
regenerative therapy among other well-documented approaches 
including application of engineered tissues and genetic 
modification of target cells [49]. Their functional capacities and 
therapeutic roles are summarized in Figure 2 (see the next page).

In the context of EVs production and preservation, 
the advantages of lyophilization include minimal chemical 
deterioration during storage, the formation of a dry, stable 
formulation, improved sterility management, and the option 
for transport and storage under non-refrigerated conditions. On 
the other hand, successful freeze-drying requires continuous 
monitoring of several critical factors. Foremost among them the 
shelf temperature during processing, the pressure profile within 
the sublimation chamber, and the duration and sequence of each 
phase of the freeze-dry cycle. Additional factors and actions, 
such as maintaining an optimal pH range, incorporating thermal 
stabilizers, and selecting appropriate formulation additives, are 
also necessary to maintain the functional integrity of sensitive 
EV components. It is particularly important to ensure that 
the final lyophilized product contains a controlled level of 
residual moisture, as this parameter directly affects long-term 
stability, physical robustness, and resistance to degradation, 
which is crucial for membrane-bound vesicles. A properly 
designed freeze-drying procedure allows EVs to remain in a 
dry, solid state without losing their biological properties, even 
when kept at ambient temperature. Studies demonstrate that 
exosomes preserved with trehalose maintain key activities, 
including anti-inflammatory and anti-fibrotic effects, at levels 
comparable to freshly isolated preparations [48]. Nonetheless, 
several challenges remain unresolved. For example, there is still 
no universally accepted standard for evaluating the quality of 
lyophilized EVs, nor is there consensus on how freeze-drying 
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may influence the specificity of their biological action or alter 
mechanisms underlying their therapeutic effects. 

Current research aims to address these issues and improve 
the suitability of freeze-dried products for pharmaceutical 
and clinical applications, an effort that remains crucial for the 
advancement of EV-based therapies [50]. In this context, one 
of the most promising approaches is the implementation of AI-
based algorithms and tools for various aspects related to the 
production, storage, and infusion of therapeutic EVs, similar to 
the AI-based approaches that are already in action in other fields 
of medicine [51]. Currently, AI is considered a powerful tool 
to design EVs with enhanced specificity to the target cells, e.g. 
due to the attaining highly precise delivery to the tissues [52]. 
Specifically, AI-based tools are used to characterize exosomes 
for their utilization in anti-cancer treatments as well as in other 
diseases [53]. It may also include the development of AI-
assisted models for simulation of thermal changes in structural 
properties of the EVs during cryopreservation and dry-freeze, 
physicochemical stability of their cargo composition, and how 
the membrane-fusion ability of exosomes can be affected by the 
environmental changes like pH, temperature, or concentration 
of medium components. These AI-assisted approaches may 
facilitate designing and optimizing robust protocols of production 
and storage of EVs taking into account the type of original cells, 
culture medium composition, and the needed quantity of final 
cell-free product. 

Conclusion 
Lyophilization is increasingly recognized as a promising  

and technically mature approach for stabilizing cell-free  

biological therapeutics, particularly exosomes and other 
extracellular vesicles. By this approach, it is possible to 
create product that can be stored and transported for extended 
periods without reliance on deep-freeze conditions and, 
importantly, without losing its functional quality. When the 
process is supplemented with carefully selected cryo- and 
lyophiloprotectants and finely tuned operational parameters, 
the essential structural attributes and biological functions of 
these nanoscale vesicles – including membrane architecture, 
molecular cargo, and bioactivity – can be reliably preserved. At 
the same time, specific limitations persist, such as the length of 
the lyophilization cycle, the necessity of sterile reconstitution 
before use, and the dependence on lyoprotectants to maintain 
EVs activity at levels comparable to native vesicles. Furthermore,  
the regulatory classification and approval of lyophilized EV-
based products as medicinal agents remain in early stages 
and require clearer legislative frameworks. For these reasons, 
progress in this field depends on coordinated interdisciplinary 
efforts. Unified actions by basic and applied researchers, 
engineering solutions for reproducible manufacturing, and 
implementation of validated quality-assurance systems constitute 
the potential for advancements. Such developments are essential 
for establishing a new class of stable, clinically applicable cell-
free biopharmaceuticals.
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Figure 2 – Key functional features of exosomes in cell therapy. Image was created in Biorender.com
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