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Abstract 
Background. Risk prediction of post-traumatic stress disorder (PTSD), which has substantial social and economic 
consequences and affects military readiness, is an increasingly important challenge. Early identification of service 
members at elevated risk enables timely preventive strategies, including interventions based on physical culture, 
physical activity, sport, and rehabilitation.
Objectives. This study aimed to develop and validate a predictive model for assessing PTSD risk in military 
personnel and to substantiate its use as a decision-support tool for pedagogical planning in physical education and 
sport-based prevention and rehabilitation programs.
Materials and Methods. The study involved 4,403 military personnel (89.9% men) aged predominantly 21–50 
years. PTSD severity was assessed using the Mississippi Scale for Combat-Related PTSD (military version), which 
demonstrated high internal consistency (Cronbach’s α = 0.892; Guttman split-half = 0.920). Statistical analyses 
included comparative and gender-based procedures, as well as machine learning modeling using Multivariate 
Adaptive Regression Splines (MARSplines) with progressive optimization, dataset balancing, and evaluation of 
classification performance.
Results. A MARSplines-based model predicting PTSD risk was developed using 18 dichotomous demographic, 
behavioral, and service-related variables. The final model for male military personnel included 300 basis functions 
with an interaction order of six and demonstrated sensitivity of 71.1%, specificity of 69.5%, accuracy of 70.3%, and 
moderate agreement between predicted and observed risk (Cohen’s κ = 0.405).
Conclusions. Machine learning–based prediction of PTSD risk represents a promising approach for early prevention 
and targeted intervention in military populations. The proposed model supports identification of high-risk 
individuals and informs the design of preventive and rehabilitative programs, including those based on physical 
culture, sport, and e-sports, aimed at stress reduction and resilience enhancement.
Keywords: mental health, stress-related conditions, post-traumatic stress disorder, military personnel, predictive 
modeling, risk factors, physical culture and sport, physical activity.
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Introduction

Predicting the risk of developing post-traumatic 
stress disorder (PTSD) among military personnel has 
become increasingly relevant in the context of modern 

armed conflicts. Stress-associated conditions in military 
populations arise from sustained exposure to extreme 
physical and psychological loads, life-threatening situations, 
and prolonged emotional tension during military service 
(Mulligan et al., 2010; Kulka, et al., 1990; Perconte & Wilson, 
1994). Such conditions manifest in various forms, including 
chronic psychological stress, post-traumatic stress disorder, 
episodes of aggression or emotional dysregulation, and 
insufficient access to psychological support.
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In recent years, the number of military personnel 
requiring medical and psychological assistance due to PTSD 
has increased substantially, underscoring the urgent need 
for effective methods of early risk detection and prevention 
(Kulka, 1990; Perconte & Wilson, 1994; Steenkamp et al., 
2015). PTSD not only affects the mental health and functional 
capacity of service members but also imposes a significant 
socio-economic burden, including reduced work capacity, 
increased healthcare costs, and deterioration of family and 
social well-being. Early identification of PTSD risk and the 
implementation of preventive strategies are therefore critical 
for preserving combat readiness and ensuring effective 
performance of military tasks (Imas et al., 2023; Shynkaruk 
et al., 2024).

Military service is frequently associated with prolonged 
separation from family and close social networks, exposure to 
morally challenging situations, and the necessity to perform 
tasks that may conflict with personal values or ethical norms. 
These factors contribute to the development of psychological 
stress, which is defined as a state of emotional and mental 
tension arising in response to adverse events, environmental 
conditions, or excessive load, accompanied by physiological 
and psychological changes (Smith & Jones, 2019; Thomas et 
al., 2010).

Epidemiological data indicate that approximately 7–8% 
of the general population in the United States experience 
PTSD, whereas its prevalence among active-duty military 
personnel and veterans may reach 14–16% (Gates et al., 
2012). PTSD in military personnel typically results from 
exposure to combat-related traumatic events, including 
armed engagements, explosions, injuries, and the loss of 
comrades (Charles et al., 2004; Kang et al., 2003; Vasterling 
et al., 2010). The disorder is characterized by symptoms 
such as intrusive memories, nightmares, anxiety, depressive 
states, hyperarousal, and other stress-related reactions, 
which substantially impair daily functioning and quality of 
life and often require professional psychological intervention 
(Saar-Ashkenazy et al., 2024). Long-term psychological 
consequences of combat exposure have been documented 
across different military conflicts, including Vietnam, where 
elevated PTSD risk persisted years after service (Dohrenwend 
et al., 2006).

Contemporary research emphasizes that effective PTSD 
risk assessment among populations exposed to traumatic 
experiences enables the development of targeted preventive 
and early intervention strategies, thereby reducing 
individual suffering and broader social costs (Papini et 
al., 2023). However, incomplete understanding of PTSD 
symptom development and the complex interaction of risk 
and protective factors complicate the timely identification of 
individuals at increased risk (Wshah et al., 2019). To address 
these challenges, recent studies increasingly propose the 
use of machine learning models for automated prediction 
of PTSD risk based on self-reported psychological and 
behavioral data (Wshah et al., 2019).

Machine learning approaches for predicting mental 
health disorders in military populations are currently 
undergoing rapid development (Pareek et al., 2024; Rainio 
et al., 2024). Although this research field is relatively young, 
several studies have already demonstrated promising results 
(Hoge et al., 2006; Olff et al., 2019; Rzonca et al., 2024). 
For example, Sampson et al. (2021) applied random forest 

algorithms to data from 2,249 National Guard personnel 
and achieved prediction accuracies of 68% for women and 
73% for men when modeling the risk of depression based on 
psychological, demographic, and military-related factors. 
Similarly, Papini et al. (2023) developed a machine learning 
model using data from 4,711 U.S. Army soldiers and 801 
predictors across 17 domains to assess PTSD risk following 
combat exposure.

Within the field of physical education and sport sciences, 
the prediction of psycho-emotional risks should be viewed as 
a tool for pedagogical management of physical activity, sports 
training, and physical rehabilitation. Predictive models aimed 
at identifying PTSD risk create methodological prerequisites 
for evidence-based selection of physical activity interventions, 
individualization of training and rehabilitation loads, and 
prevention of maladaptive stress-related conditions. Thus, 
integrating predictive analytics into systems of physical 
culture, sport, and rehabilitation represents a promising 
direction for enhancing both mental health prevention and 
functional readiness in military populations.

The objective of this study was to develop and validate a 
predictive model for assessing the risk of post-traumatic stress 
disorder (PTSD) in military personnel and to substantiate 
its applicability as a tool for pedagogical decision-making 
in physical education, physical activity, and sport-based 
prevention and rehabilitation programs.

Materials and Methods

Research Methods

To assess the severity of post-traumatic stress reactions 
in military personnel, the Mississippi Scale for Combat-
Related PTSD (military version) (Keane et al., 1988) was 
used, where each of the 35 statements is rated on a five-point 
Likert scale. The degree of impact of the traumatic experience 
on the military personnel was determined by summing the 
scores. It should be noted that current scientists point out 
that this scale is the best psychodiagnostic tool for measuring 
combat-related PTSD (Hastie  et al., 2001; Hyer et al., 1991; 
Perconte & Wilson, 1994). Thus, the use of the Mississippi 
Scale can result in a PTSD assessment for military personnel 
ranging from 35 to 175 points.

The use of the Mississippi Scale for PTSD assessment 
as a screening tool among military personnel involved in 
combat actions is a self-assessment tool and cannot precisely 
determine whether a military personnel has PTSD. It 
evaluates the severity of PTSD symptoms rather than serving 
as a diagnostic tool. To improve approaches to interpreting 
the results of the Mississippi Scale, based on the method 
of equal intervals, we proposed the following gradation of 
scores obtained from the Mississippi Scale (see Table 1).

Table 1. Interpreting the results of the Mississippi Scale

Evaluation, 
Points 

Risk Levels of 
PTSD Description 

35- 81 Low Well-adapted veterans 
82-111 Medium рушення Risk of PTSD, mental 

health issues 
112-175 High High likelihood of PTSD, medical 

consultation needed
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There was a need for further research and confirmation 
of the validity of our proposed PTSD rating scale using 
the Mississippi Scale. This validity can be demonstrated by 
comparing the results obtained using our scale with clinical 
PTSD diagnoses established by qualified mental health 
professionals. If our scale shows a high level of agreement with 
these clinical diagnoses, it will confirm its validity. However, 
since the armed conflict continues, it is currently impossible 
to organize additional research. Nevertheless, the use of the 
Mississippi Scale allowed us to obtain preliminary results aimed 
at providing a general understanding of the impact of combat 
participation on the mental health of military personnel, 
identifying potential issues, and determining individuals who 
may need further examination or early intervention.

The military version of the Mississippi Scale showed 
high internal consistency: Cronbach’s alpha coefficient was 
0.892, and Guttman’s Split-half reliability was 0.920.

Study Participants

The studies involved 4,403 military personnel. The 
majority of the participants were men, accounting for 89.9% 
of the sample. Of these, 28.9% were in the age group of 21-30 
years, 28.75% were 31-40 years old, and 24.9% were 41-50 years 
old. The remaining participants were military personnel either 
under 20 or over 50 years old. Of the respondents, 56.2% were 
enlisted personnel, and 69% were from the Air Force. One-
third of the respondents, or 30.1%, had participated in combat 
operations in the last 6-12 months. In terms of education, 34.9% 
had secondary education, 27.1% had vocational education, 
and 38.0% had higher education. Additionally, 62.1% of the 
respondents were married, and 47% had minor children. The 
majority, 85.9%, had no prior experience working in other 
security agencies before joining the army.

Research Organization

The study was conducted at the National University of 
Physical Education and Sport of Ukraine as part of an applied 
research project funded by the state budget of the Ministry 
of Education and Science of Ukraine, titled «Reducing 
Stress-Associated Risks in Military Personnel and Youth 
of Ukraine through Health-Recreational Physical Activity» 
(state registration number 0124U000705). The study lasted 
from February 27 to April 15, 2024.

Participants were offered a psychological test and a ques-
tionnaire, the responses to which allowed us to identify poten-
tial risks to the physical and psycho-emotional health of military 
personnel associated with combat participation and the recov-
ery period, as well as the presence and degree of stress states, 
anxiety, depression, and other psycho-emotional reactions.

The study was conducted in accordance with ethical 
principles. Participants were informed about the purpose 
of the study. Additionally, we obtained consent from the 
military personnel to participate in the study and took the 
necessary measures to protect the confidentiality of the 
provided information.

Statistical Analysis

During the statistical analysis, the frequency of affirmative 
(“yes”) responses to individual questionnaire items among 

military personnel was calculated to provide a descriptive 
characterization of the dataset. Confidence intervals were 
applied solely for descriptive purposes to illustrate the 
distribution of proportions within the sample and were not 
used in subsequent analytical or modeling procedures.

Classical goodness-of-fit tests for assessing distribution 
uniformity were not applied, as subsequent stages of 
the analysis involved dataset balancing and machine-
learning methods, for which such preliminary testing is 
methodologically redundant.

Comparative Analysis. To compare the frequency of 
selected characteristics (such as participation in combat 
operations, combat injuries, and chronic diseases) between 
two independent groups (men and women), a two-sample 
Z-test for proportions was applied. The null hypothesis (H₀) 
assumed no statistically significant difference between the 
proportions of the respective characteristic in men and 
women, while the alternative hypothesis (H₁) assumed the 
presence of such differences.

The Z-statistic was calculated using the standard formula 
for comparing two proportions:

	 ,		  (1)

where p1 and p2 represent the proportions of individuals 
with the given characteristic in the male and female groups, 
respectively, and n1 and n2 denote the corresponding sample 
sizes.

Statistical significance was set at p<0.05.
After calculating the Z-statistic, we could find the 

p-value (the probability of obtaining such an extreme value 
of Z or more under the assumption that the null hypothesis 
is true). If the p-value is less than the chosen significance 
level of 0.05, we rejected the null hypothesis in favor of the 
alternative.

Statistical Power Considerations. A formal a priori 
statistical power analysis was not conducted in the present 
study. This decision is methodologically justified by the large 
sample size (n = 4,403) and the exploratory–predictive nature 
of the research, which is focused on machine learning–based 
classification rather than hypothesis testing with predefined 
effect sizes.

In predictive modeling studies, model performance is 
primarily evaluated using empirical classification metrics 
(sensitivity, specificity, accuracy, and Cohen’s kappa) and 
validation procedures such as generalized cross-validation 
(GCV), rather than traditional power calculations. The 
available sample size substantially exceeds commonly 
recommended thresholds for stable estimation of machine 
learning models with binary outcomes, supporting the 
robustness and reliability of the obtained results.

Method MARSplines (Multivariate 
Adaptive Regression Splines)

Machine learning methods are increasingly applied 
in sports medicine, physical education, and sport science 
to identify key factors influencing complex outcomes and 
to solve classification problems (Adeyemo et al., 2022; 
Friedman & Roosen, 1995; York et al., 2006).

In the present study, the Multivariate Adaptive 
Regression Splines (MARSplines) method was used to 



ISSN 1993-7989. eISSN 1993-7997. ISSN-L 1993-7989. Physical Education Theory and Methodology. Vol. 26, Num. 1

112

develop a predictive classification model. MARSplines is 
a nonparametric regression technique that allows flexible 
modeling of nonlinear relationships and interactions 
between variables by constructing piecewise linear basis 
functions.

The general form of the MARSplines model is expressed as:

	 		  (2)

where f(xi)– represents the predicted value of the dependent 
variable (binary outcome); j – is the number of basis 
functions; αj– are the model coefficients; βj(x1, x2, ... xk) –  are 
the basis functions.

Undersampling. To address class imbalance in the 
dataset, an undersampling procedure was applied to the 
majority class. Stratified random sampling was used to 
ensure proportional representation of classes based on the 
target variable (presence or absence of PTSD risk). This 
approach reduced classification bias and improved model 
stability while preserving the overall structure of the data.

Calculation of Classification Metrics 

In this study, the presence of PTSD risk was explicitly 
defined as the positive class, as the primary objective of the 
predictive model was to identify military personnel with 
an elevated likelihood of developing post-traumatic stress 
disorder.

Model performance was evaluated using standard 
classification metrics derived from the confusion matrix: 
sensitivity, specificity, accuracy, and Cohen’s kappa 
coefficient (Lever et al., 2016; Ruppert, 2004; Russell & 
Congalton, 1991).

In this study, the presence of PTSD risk was defined as 
the positive class, as the primary objective of the model was 
to identify individuals with an elevated likelihood of PTSD. 

Sensitivity (true positive rate) reflects the model’s ability 
to correctly identify individuals with PTSD risk:

	 			  (3)

Specificity (true negative rate) reflects the model’s ability 
to correctly identify individuals without PTSD risk: 

	 			   (4)

Accuracy represents the overall proportion of correctly 
classified cases: 

	 		  (5)

where TP (True Positives) – number of cases where the model 
correctly predicts the positive class – PTSD risk is present; 
TN (True Negatives) – number of cases where the model 
correctly predicts the negative class – no PTSD risk; FN 
(False Negatives) – number of positive samples misclassified: 
PTSD risk is present, but the model identifies it as “No PTSD 
risk”; FP (False Positives) – number of cases where PTSD 
risk is absent, but the model identifies it as “PTSD risk.”

Cohen’s kappa coefficient (κ) was calculated to assess 
the level of agreement between predicted and observed 
classifications beyond chance: Kappa Coefficient κ, used 

to measure agreement between categorical classification 
assessments, was calculated as:

		 (6)

Statistical significance was set at p <0.05. 

Software

All calculations were performed using MS Excel. Model 
construction and data balancing were implemented using 

Table 2. Dataset for MARSplines Model Building

No. Variable Coding Interpretation
1 Gender Binary (0/1) 1 = Male; 0 = 

Female
2 Participation in 

combat
Binary (0/1) 1 = Yes; 0 = No

3 Hobbies or relaxation 
activities

Binary (0/1) 1 = Yes; 0 = No

4 Chronic diseases Binary (0/1) 1 = Yes; 0 = No
5 Combat injuries or 

wounds
Binary (0/1) 1 = Yes; 0 = No

6 Harmful habits Binary (0/1) 1 = Yes; 0 = No
7 Ability to engage in 

physical activity in 
combat zones

Binary (0/1) 1 = Yes; 0 = No

8 Systematic monitoring 
of psychological state

Ordinal 0 = Never; 1 
= Rarely; 2 = 
Regularly

9 Support from 
comrades

Ordinal 0 = Unavailable; 
1 = Difficult 
to access; 2 = 
Available

10 Availability of medical 
and psychological 
assistance

Ordinal 0 = Unavailable; 
1 = Difficult 
to access; 2 = 
Available

11 Marital status Binary (0/1) 1 = Married; 0 = 
Not married

12 Presence of minor 
children

Binary (0/1) 1 = Yes; 0 = No

13 Military rank (soldier) Binary (0/1) 1 = Yes; 0 = No
14 Education level Ordinal 0 = Secondary; 1 

= Vocational; 2 = 
Higher

15 Physical fitness level Ordinal 0 = Very low; 1 = 
Low; 2 = Average; 
3 = Good; 4 = 
Excellent

16 Use of computer games Ordinal 0 = Never; 1 = 
Occasionally; 2 = 
Regularly

17 Use of mobile games Ordinal 0 = Never; 1 = 
Occasionally; 2 = 
Regularly

18 Availability of 
psychologist or 
chaplain

Binary (0/1) 1 = Yes; 0 = No

— PTSD risk (target 
variable)

Binary (0/1) 1 = PTSD risk 
present; 0 = No 
PTSD risk
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the Statistica software package, including the Multivariate 
Adaptive Regression Splines (MARSplines) module.

Description of the Dataset

The dependent variable in the MARSplines model was 
PTSD risk (binary outcome). Independent variables included 
gender, participation in combat operations, hobbies, chronic 
diseases, combat injuries, harmful habits, and other relevant 
characteristics (Table 2).

Ordinal variables were encoded to preserve the inherent 
ordering of response categories, while binary variables were 
coded using a 0/1 scheme.

Results 

The analysis of the independent variables showed that 
male servicemen predominated in the sample, accounting 
for 90.0% of respondents. A substantial proportion of 
the participants reported systematic monitoring of their 
psychological state (69.3%), and 68.2% indicated the 
availability of a psychologist or chaplain within their unit. 
More than half of the respondents reported having hobbies 
or interests that helped them relax (62.4%), having minor 
children (61.7%), possessing higher education (56.4%), and 

Fig. 1. Distribution of affirmative responses across the main 
descriptive variables, where: 1 – gender; 2 – participation in 
combat; 3 – hobbies or interests that help relax; 4 – chronic 
diseases; 5 – combat injuries/wounds; 6 – harmful habits; 

7 – ability to engage in physical activities in the combat zone; 
8 – systematic monitoring of psychological state; 9 – support 
from comrades; 10 – availability of medical and psychological 

assistance; 11 – marital status; 12 – presence of minor children; 
13 – military rank; 14 – education; 15 – physical fitness level; 16 – 
use of computer games; 17 – use of mobile games; 18 – presence 

of psychologist/chaplain

having opportunities to engage in physical activities during 
military service (56.2%). These findings characterize the 
general structure of the sample and the prevalence of key 
psychosocial and lifestyle-related factors relevant to further 
modeling (see Figure 1).

MARSplines Model Development. To predict the risk 
of PTSD in military personnel, a MARSplines model was 
developed based on 18 dichotomous predictor variables. At 
the initial stage, the model was constructed under restrictive 
settings, allowing a limited number of basis functions and 
only first-order interactions between variables. Under these 
conditions, the initial model demonstrated insufficient 
accuracy in identifying PTSD risk cases.

To enhance predictive performance, the model 
parameters were progressively refined by increasing both the 
number of basis functions and the interaction depth. Model 
I was constructed using 11 terms and 10 basis functions, 
whereas subsequent model iterations allowed a greater 
number of basis functions and higher-order interactions. 
In the final configuration (Model III), the number of terms 
increased to 30, with 64 basis functions and interaction 
levels up to the third order.

The stepwise increase in model complexity resulted 
in improved generalization ability and classification 
performance. Specifically, the generalized cross-validation 
(GCV) error decreased by 0.7% (from 0.308 to 0.304), 
indicating a better balance between model fit and complexity. 
In parallel, the ability of the model to correctly classify 
PTSD risk cases increased by 2.7%, reflecting an overall 
improvement in predictive accuracy (see Table 3).

Model III demonstrated the best trade-off between model 
complexity and classification performance, as evidenced by 
the lowest Generalized Cross-Validation (GCV) value and the 
highest overall accuracy in identifying cases with PTSD risk.

The obtained results indicate that the MARSplines 
approach can be considered a potentially effective tool for 
predicting PTSD risk in military personnel. To enhance the 
robustness and interpretability of the classification metrics—
particularly sensitivity and specificity with respect to PTSD 
risk detection—the input dataset was further optimized 
through balancing procedures.

For this purpose, an undersampling strategy was applied 
to the majority class, resulting in a reduced subset of 877 
randomly selected military personnel without PTSD risk. 
This procedure produced an approximately equal number 
of observations with and without PTSD risk, allowing an 
unbiased evaluation of model performance.

To preserve the internal heterogeneity of the reduced 
sample, military personnel without PTSD risk were 

Table 3. Evaluation of Model Quality Indicators Based on the Confusion Matrix, n=4403

PTSD
Confusion Matrix (where 1 – positive class: PTSD risk; 0 – negative 

class: no PTSD risk)

M
od

el Quality Indicators 

Se Sp AccuracyModel I Model II Model III
Men

Forecast 0 1 0 1 0 1 І 100 0 79.7
0 3508 895 3502 880 3497 871 ІІ 99.8 1.7 79.9
1 0 0 6 15 11 24 ІІІ 99.7 2.7 80.0
GCV 0.308 0.306 0.304



ISSN 1993-7989. eISSN 1993-7997. ISSN-L 1993-7989. Physical Education Theory and Methodology. Vol. 26, Num. 1

114

subsequently grouped using the k-means clustering 
method. As a result, two clusters were identified that 
differed significantly (p < 0.05) across most of the analyzed 
indicators. No statistically significant differences between 
clusters were observed for participation in combat or the 
presence of combat injuries and wounds.

Cluster 1 comprised 60.3% of the balanced sample and 
included 188 women and 1928 men, whereas Cluster 2 
accounted for 39.7% of cases and included 205 women and 
1187 men (see Table 4).

The comparative analysis of the identified clusters 
revealed substantial differences in several psychosocial and 
behavioral characteristics. Compared to Cluster 2, military 
personnel in Cluster 1 demonstrated a lower level of physical 
fitness, a higher prevalence of harmful habits, more frequent 
absence of a psychologist or chaplain within the unit, and 
more regular use of mobile games as a means of stress relief. 
In contrast, a higher proportion of respondents in Cluster 2 
reported having minor children and higher education levels.

To form a balanced analytical sample while preserving 
cluster structure, a systematic random selection was applied. 
Specifically, every fourth observation was randomly selected 
from each cluster, resulting in a final subsample of 526 
observations from Cluster 1 and 351 observations from 
Cluster 2.

The balancing procedure led to improved specificity of 
the MARSplines model in identifying the absence of PTSD 
risk; however, this was accompanied by a moderate reduction 
in overall diagnostic accuracy and model generalizability. 
This trade-off reflects the sensitivity of model performance 
to changes in class distribution and sample size.

In addition to clustering-based comparisons, gender-
related differences across the studied variables were 
examined. It was hypothesized that male and female military 
personnel differ not only in PTSD risk but also in a range of 
demographic, behavioral, and psychosocial characteristics. 
For example, 31.8% (95% CI: 30.4–33.3%) of men and 10.6% 
(95% CI: 7.8–13.5%) of women reported participation in 
combat. The comparison of proportions demonstrated 
that men were statistically significantly more likely to have 
participated in combat than women (Z = 12.938; p < 0.05).

Further gender-based analysis revealed distinct 
patterns across multiple indicators. Women demonstrated 
significantly higher proportions of chronic diseases, 
systematic monitoring of psychological state, availability of 
social support, marital status, higher education, and adequate 
physical fitness levels. Conversely, men showed statistically 
significantly higher proportions (p < 0.05) of combat injuries 
and wounds, harmful habits, the ability to engage in physical 

Table 4. Evaluation of Model Quality Indicators Based on the Confusion Matrix (Balanced Data Using Clustering, n=1772)

PTSD
Confusion Matrix (where 1 – positive class: PTSD risk; 0 – negative 

class: no PTSD risk)

M
od

el

Quality Indicators

Se Sp Accuracy
Model I Model II Model III

Men
Forecast 0 1 0 1 0 1 І 63.1 62.1 62.6
0 553 339 541 312 567 300 ІІ 61.7 65.1 63.4
1 324 556 336 583 310 595 ІІІ 64.7 66.5 65.6
GCV 0.463 0.460 0.454

activities in combat zones, as well as the use of computer and 
mobile games for stress relief (see Figure 2).

In addition, a significantly higher prevalence of PTSD 
risk was observed among men, exceeding that among 
women by 10.3% (Z = 6.305; p < 0.05). This finding suggests 
that gender-specific differences should be taken into 
account when developing predictive models of PTSD risk. 
Accordingly, it is methodologically justified to consider 
separate models for men and women.

Given the substantial predominance of men in the 
military sample and the higher observed PTSD risk among 
male service members, further modeling efforts were 
focused on the male subgroup. At this stage of the study, 
the prediction of PTSD risk in men was prioritized, and the 
dataset was balanced to improve model performance.

Spline-based modeling applied to the balanced male 
dataset resulted in an increase in model sensitivity, reflecting 
improved detection of PTSD risk cases, accompanied by 
a reduction in specificity, indicating a decreased ability to 
identify the absence of PTSD risk (Table 5).

An analysis of predictor importance revealed that certain 
variables contributed disproportionately to the formation 
of the predictive model. In particular, the variable harmful 
habits emerged as the most influential predictor, appearing 
seven times in the basis functions constituting Model III 
for the PTSD-balanced dataset. In contrast, the variable 
describing the availability of medical and psychological 
support did not contribute to the formation of basis functions 

Fig. 2. Proportions of respondents with statistically significant 
(p<0.05) differences by gender (n=4403), where 2 – participation 
in combat; 4 – chronic diseases; 5 – combat injuries/wounds; 6 – 
harmful habits; 7 – ability to engage in physical activities in the 
combat zone; 8 – systematic monitoring of psychological state; 
9 – support from comrades; 11 – marital status; 14 – education; 

15 – physical fitness level; 16 – use of computer games; 17 – use of 
mobile games; 18 – presence of psychologist/chaplain
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in any of the tested models, indicating its limited predictive 
value in this modeling framework.

The obtained model quality indicators were considered 
insufficient for reliable prediction, which necessitated 
further refinement of the dataset. Therefore, the next stage 
of the study involved balancing the male dataset based on 
clustering results for men without PTSD risk.

Cluster analysis demonstrated that men without PTSD 
risk were divided into two distinct clusters. Statistically 
significant differences between clusters (p < 0.05) were 
observed for most studied variables, with the exception 
of chronic diseases, combat injuries and wounds, and the 
ability to engage in physical activity in combat zones, for 
which no significant differences were detected.

Cluster 1 comprised 61.9% of male military personnel 
and was characterized by a higher prevalence of harmful 
habits, inadequate physical fitness, limited social support, 
and frequent use of mobile games as a means of psychological 
stress relief. In contrast, men in Cluster 2 more frequently 
had higher education and minor children.

To construct the final balanced analytical sample, 
systematic random sampling was applied, resulting in the 
selection of 482 men from Cluster 1 and 296 men from 
Cluster 2, along with the inclusion of all 846 men with PTSD 
risk. This approach ensured an approximately uniform 
distribution of PTSD risk while preserving the proportional 
structure of clusters among men without PTSD risk (Table 6).

At the final stage of model development, the complexity 
of the MARSplines model was further increased to allow the 
algorithm to explore a wider range of nonlinear relationships 
and interactions among predictors. This approach aimed to 
improve the approximation of complex dependencies within 
the input data. The final model incorporated 55 terms and 

Table 5. Assessment of model quality indicators for men based on the error matrix (for balanced PTSD data, n=1884)

PTSD 
Confusion Matrix (where 1 – positive class: PTSD risk; 0 – negative 

class: no PTSD risk)

M
od

el Quality Indicators

Se Sp AccuracyModel I Model II Model III
Men

Forecast 0 1 0 1 0 1 І 72.7 52.1 63.5
0 755 405 779 409 778 381 ІІ 75.0 51.7 64.5
1 283 441 259 437 260 465 ІІІ 75.0 55.0 66.0
GCV 0.459 0.454 0.450

Note: Se – sensitivity; Sp – specificity; Accuracy – accuracy; GCV – Generalized Cross Validation

Table 6. Assessment of Model Quality Indicators for Men Based on the Error Matrix (for Balanced PTSD Data According 
to Clustering Results, n=1624)

PTSD 
Confusion Matrix (where 1 – positive class: PTSD risk; 0 – negative 

class: no PTSD risk)

M
od

el

Quality Indicators

Se Sp Accuracy
Model I Model II Model III

Forecast 0 1 0 1 0 1 І 59.6 66.9 63.4
0 464 280 478 288 506 304 ІІ 61.4 66.0 63.8
1 314 566 300 558 272 542 ІІІ 65.0 64.1 64.5
GCV 0.462 0.459 0.454

Note: Se – sensitivity; Sp – specificity; Accuracy – accuracy; GCV – Generalized Cross Validation

202 basis functions, representing the highest level of model 
flexibility applied in the present study.

Analysis of variable importance demonstrated that 
participation in combat was the most influential predictor 
of PTSD risk among male military personnel. The second 
and third most important predictors were the presence of 
combat injuries or wounds and chronic diseases, respectively. 
In contrast, the presence of minor children showed the 
lowest relative contribution to PTSD risk prediction in this 
population.

Although individual predictors differed in their relative 
importance, all independent variables contributed to the 
final model structure, being included across the 202 basis 
functions that collectively formed 55 splines. This finding 
indicates that PTSD risk in male military personnel is 
determined by a multifactorial combination of demographic, 
behavioral, psychosocial, and service-related characteristics 
rather than by isolated predictors.

The ranked importance of predictors contributing to 
PTSD risk prediction in the final model is illustrated in 
Figure 3.

The developed MARSplines model demonstrated that the 
baseline probability of no PTSD risk exceeded the probability 
of elevated PTSD risk, indicating an overall predominance 
of resilient outcomes within the analyzed sample. Model 
flexibility was enhanced by allowing up to 300 basis functions 
with interaction orders up to six, enabling the approximation 
of complex nonlinear relationships among predictors.

In the MARSplines framework, basis functions are 
defined as piecewise linear components of the form 
max(0, x − c) or max(0, c − x), where c represents a data-
driven knot. These functions capture threshold effects in 
predictor variables. For illustrative purposes, an example 
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of a basis function is max(0, Combat participation − 0.5), 
indicating that direct involvement in combat contributes 
to an increased PTSD risk only after a specific threshold is 
reached. Another example is max(0, Physical fitness level − 
2), reflecting a nonlinear protective effect of physical fitness, 
whereby higher fitness levels are associated with a reduced 
likelihood of PTSD risk.

Rather than focusing on an exhaustive enumeration of 
individual basis functions, model interpretation was based on 
the contribution of key predictors and their interactions. The 
strongest effects were associated with combat participation 
and combat-related injuries, which frequently interacted 
with each other, indicating their joint influence on PTSD 
risk. Additional influential predictors included access to 
psychological or social support, physical fitness level, and 
engagement in physical or recreational activities.

Increasing the maximum number of basis functions 
and interaction depth improved the model’s classification 
performance. Sensitivity and specificity reached 71.1% and 
69.5%, respectively, with an overall diagnostic accuracy of 
70.3% and a Cohen’s kappa coefficient of 0.405, indicating 
acceptable agreement between predicted and observed 
PTSD risk. These results confirm that the proposed model 
can be applied to predict PTSD risk in military personnel.

The obtained results of PTSD risk prediction have 
direct applied significance for physical education, sport, and 
physical rehabilitation systems. Identification of groups with 
increased psycho-emotional risk based on the predictive 
model enables pedagogical differentiation of individuals 
according to their readiness for physical loads, which 
represents a fundamental principle of modern physical 
education theory and methodology.

From a practical perspective, the modeling results can 
be used to substantiate individualized physical activity 
programs aimed at reducing stress load, enhancing 
psychophysiological resilience, and preventing maladaptive 

Fig. 3. Importance of Variables for Prediction (n=1624),  
where 2 – combat participation; 3 – hobbies or activities that 

help to relax; 4 – chronic diseases; 5 – combat injuries/wounds; 
6 – bad habits; 7 – ability to engage in PA in the combat zone; 

8 – systematic monitoring of psychological state; 9 – peer support; 
10 – availability of medical and psychological support; 11 – 

marital status; 12 – presence of minor children; 13 – military rank; 
14 – education; 15 – physical condition level; 16 – use of computer 
games; 17 – use of mobile games; 18 – presence of a psychologist/

chaplain

responses. Depending on the predicted level of PTSD risk, 
the volume, intensity, and nature of physical exercises may 
be adjusted, including the ratio of aerobic, coordinative, and 
game-based activities, as well as the inclusion of recreational 
and rehabilitation-oriented physical culture means.

Thus, the proposed predictive model should be regarded 
not only as a statistical or machine-learning tool, but also 
as an element of pedagogical diagnostics that ensures 
evidence-based integration of physical activity and sport-
based interventions into the prevention and correction of 
stress-related conditions.

Discussion

Predicting the risk of post-traumatic stress disorder 
(PTSD) in military personnel during periods of armed 
conflict is of critical importance from both clinical and applied 
perspectives. Early identification of service members at 
increased risk of PTSD enables timely preventive interventions, 
which may reduce the severity of stress-related disorders, 
limit long-term psychological consequences, and facilitate 
social reintegration after combat exposure. From a military 
standpoint, effective PTSD risk prediction supports combat 
readiness, morale, and overall operational effectiveness, 
thereby contributing to national defense capacity.

The classification performance indicators obtained in 
this study can be interpreted in line with previously proposed 
benchmarks for applied predictive models. In particular, 
accuracy values exceeding 70% are generally considered 
acceptable for practical classification tasks, while Cohen’s 
kappa coefficients within the range of 0.40–0.85 reflect 
moderate to substantial agreement between predicted and 
observed outcomes (Ameneshewa et al., 2023; Seal, et al., 
2007; Więckowska et al., 2022). These criteria provide an 
appropriate framework for evaluating the practical utility of 
the proposed MARSplines models.

The relevance of PTSD risk prediction has been 
emphasized in numerous studies highlighting its role in 
preventing severe stress-related outcomes, including chronic 
psychological disorders, self-destructive behavior, and suicide 
(Andrieieva et al., 2023; Bekesiene & Bagdžiūnienė, 2022; 
Johnson, 2021). Consequently, the problem of combat stress 
and PTSD risk associated with participation in armed conflict 
has become a subject of active interdisciplinary research 
involving specialists in medicine, psychology, psychiatry, 
physical therapy, physical education, and sport sciences 
(Byshevets et al., 2024; Hamel, 2020; Shynkaruk & Davydov, 
2023). Many authors emphasize the necessity of early detection 
of military personnel at increased PTSD risk, an approach that 
this study fully supports (Hoge et al., 2006; Seal et al., 2007).

In the present study, a MARSplines-based predictive 
model was developed using 18 dichotomous variables 
reflecting demographic, behavioral, psychosocial, and 
service-related characteristics of military personnel. The 
modeling process involved a stepwise increase in complexity, 
including expansion of the number of basis functions and 
interaction orders, as well as successive data balancing 
procedures. These methodological decisions were aimed 
at improving the model’s ability to capture nonlinear 
relationships while reducing bias caused by class imbalance.

Initial models demonstrated relatively high overall 
accuracy (79.7–80.0%); however, they were characterized by 
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very low sensitivity, indicating insufficient ability to correctly 
identify cases with PTSD risk. At the same time, specificity was 
artificially inflated due to the predominance of observations 
without PTSD risk in the dataset. This imbalance resulted 
in near-zero kappa coefficients, highlighting the limited 
practical value of the initial models despite their seemingly 
high accuracy. Such findings underscore the importance of 
considering sensitivity, specificity, and agreement metrics 
jointly rather than relying on accuracy alone.

Subsequent data balancing by PTSD status and clustering-
based undersampling improved model interpretability and 
reduced classification bias, but the achieved sensitivity (63.1–
64.7%) and specificity (62.1–66.5%) remained insufficient 
for reliable PTSD risk prediction. These results indicated 
that further methodological refinement was required.

A critical step in improving model performance 
involved stratification of the dataset by gender. Statistically 
significant differences in both PTSD risk prevalence and 
associated predictors between men and women justified the 
development of gender-specific predictive models. Given 
the predominance of men in the military sample and the 
higher observed PTSD risk among male service members, 
the present study focused on male personnel, while PTSD 
risk prediction in women is planned for future research with 
expanded datasets.

The final model, constructed for male military personnel 
using balanced data and increased model complexity (300 
basis functions and interaction order up to six), demonstrated 
substantial improvements in classification performance. 
Compared to previous iterations, sensitivity increased by 
6.1%, indicating enhanced detection of PTSD risk cases, 
while specificity increased by 5.4%, reflecting improved 
identification of the absence of PTSD risk. Overall diagnostic 
accuracy improved by 5.8%, and the GCV error decreased 
from 0.454 to 0.450, suggesting better generalization to new 
data. Importantly, the kappa coefficient increased to 0.405, 
indicating moderate agreement between predicted and 
observed PTSD risk.

From an applied perspective, these findings suggest that 
MARSplines-based models may serve as a valuable analytical 
tool for identifying military personnel at increased PTSD 
risk. In the context of physical education and sport sciences, 
such predictive models can inform the development 
of targeted preventive strategies, including structured 
physical activity programs, stress-resilience training, and 
psychophysiological monitoring within professional-applied 
physical training systems. Integration of predictive analytics 
with physical culture–based interventions may enhance 
early prevention, functional readiness, and long-term health 
outcomes in military populations.

Prospects for Further Research

The developed model for predicting PTSD risk in 
military personnel has demonstrated substantial analytical 
potential; however, further refinement is warranted. Future 
research will focus on improving model specificity by 
incorporating additional explanatory variables that may 
enhance differentiation between PTSD risk cases and the 
absence of PTSD risk. In addition, the application and 
comparison of alternative machine learning algorithms may 
provide further improvements in classification performance.

Another promising direction involves comparative 
analysis of PTSD risk in military personnel and other 
populations exposed to chronic stress. Integrating knowledge 
of PTSD risk factors with predictive modeling may support 
the development of targeted preventive strategies within 
systems of physical activity, physical culture, and cybersports. 
Such approaches may contribute to reducing stress-related 
consequences, strengthening psychological resilience, and 
improving functional readiness in military populations.

Overall, continued research in these areas may 
enhance the accuracy of PTSD risk prediction and support 
the development of effective prevention and mitigation 
strategies, thereby improving quality of life for military 
personnel, their families, and society as a whole.

Limitations

An important limitation of the present study concerns 
the interpretation of PTSD risk based on the Mississippi 
Scale for Combat-Related PTSD. Although this instrument 
demonstrates high reliability and is widely used for screening 
purposes, the cut-off values applied in this study should be 
regarded as non-clinical and non-validated for diagnostic 
decision-making.

The classification of PTSD risk levels was used 
exclusively as a screening and risk stratification tool and 
should not be interpreted as a clinical diagnosis. The 
identified risk categories reflect the probability of elevated 
post-traumatic stress symptoms rather than confirmed 
PTSD. Final diagnosis, clinical confirmation, and treatment 
planning require comprehensive assessment by qualified 
mental health professionals, including psychologists or 
psychiatrists. Accordingly, the proposed predictive model 
is intended to support early identification and preventive 
interventions rather than replace professional clinical 
evaluation.

Another limitation relates to the use of self-report 
survey methods for data collection. While this approach 
is appropriate given the specific conditions of military 
service, including training activities, combat missions, and 
rehabilitation periods, self-assessment may be subject to 
response bias and reporting inaccuracies. Therefore, the 
findings should be interpreted with caution, and future 
studies should incorporate objective psychophysiological 
and clinical measures to strengthen validity.

Finally, the study sample included a substantially 
smaller proportion of female military personnel compared 
to males. Given the observed gender differences in PTSD 
risk prevalence and contributing factors, the development 
and validation of predictive models for female military 
personnel require further investigation based on larger and 
more representative samples.

Conclusions

Predicting PTSD risk in military personnel during 
armed conflict is of critical importance for early intervention, 
as timely identification of high-risk individuals may 
reduce rehabilitation costs and support measures aimed at 
maintaining morale and combat readiness.

In this study, a MARSplines-based model was developed 
to predict PTSD risk in military personnel using 18 
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dichotomous variables reflecting demographic, behavioral, 
and service-related characteristics. Progressive optimization 
of the model—through increasing the number of basis 
functions and interaction orders, as well as balancing the 
dataset by gender and PTSD risk—resulted in improved 
classification performance. The final model, constructed for 
male military personnel, incorporated 300 basis functions 
and interaction order up to six, leading to an increase in 
sensitivity by 6.4%, specificity by 5.4%, and overall diagnostic 
accuracy by 5.8%. Additionally, the reduction of the GCV 
error from 0.454 to 0.450 indicated improved generalization 
to new data.

The application of machine learning models for PTSD 
risk prediction in military personnel exposed to traumatic 
events represents a valuable tool for early prevention and 
targeted intervention. The proposed model may assist in 
identifying individuals at elevated risk and directing them 
toward further assessment and support. Moreover, the 
findings support the development of preventive programs 
that integrate physical culture, sports, and cybersports 
as means of stress reduction and resilience enhancement 
within military populations.
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Обгрунтування.  Прогнозування ризику розвитку посттравматичного стресового розладу (ПТСР), що має значні 
соціальні та економічні наслідки й негативно впливає на боєздатність військовослужбовців, є актуальним науково-прак-
тичним завданням. Раннє виявлення осіб із підвищеним ризиком дозволяє своєчасно впроваджувати профілактичні 
стратегії, зокрема інтервенції, засновані на фізичній культурі, фізичній активності, спорті та реабілітації.

Мета. Розробити та валідизувати прогностичну модель оцінювання ризику ПТСР у військовослужбовців і обґрун-
тувати її застосування як інструменту підтримки рішень у педагогічному плануванні програм фізичного виховання, 
фізичної активності та спортивно орієнтованої профілактики й реабілітації.

Матеріали та методи. У дослідженні взяли участь 4 403 військовослужбовці, з яких 89,9% — чоловіки, віком пере-
важно 21–50 років. Вираженість посттравматичних стресових реакцій оцінювали за шкалою Mississippi Scale for Combat-
Related PTSD (військова версія), що продемонструвала високу внутрішню узгодженість (Cronbach’s α = 0,892; коефіцієнт 
Гуттмана = 0,920). Застосовано порівняльний і гендерний аналізи, а також методи машинного навчання з використанням 
Multivariate Adaptive Regression Splines (MARSplines) із поетапною оптимізацією, балансуванням вибірки та оцінюванням 
класифікаційних показників.

Результати. Побудовано прогностичну модель ризику ПТСР на основі MARSplines із використанням 18 дихотоміч-
них демографічних, поведінкових і службових змінних. Фінальна модель для чоловіків включала 300 базисних функцій з 
порядком взаємодії шість і продемонструвала чутливість 71,1%, специфічність 69,5%, загальну точність 70,3% та помірну 
узгодженість між прогнозованим і фактичним ризиком (κ Коена = 0,405).

Висновки. Машинно-орієнтоване прогнозування ризику ПТСР є перспективним підходом для ранньої профілакти-
ки та цільових інтервенцій у військовому середовищі. Запропонована модель може використовуватися для ідентифікації 
осіб групи підвищеного ризику та обґрунтування програм профілактики й реабілітації, зокрема заснованих на фізичній 
культурі, спорті та е-спорті, спрямованих на зниження стресу й підвищення резилієнтності військовослужбовців.

Ключові слова: психічне здоров’я, стрес-асоційовані стани, посттравматичний стресовий розлад, військовослужбов-
ці, прогностичне моделювання, фактори ризику, фізична культура і спорт, рухова активність.
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