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Early identification of dropouts
during the special forces selection
program

Ruud J. R. den Hartigh'*?, Rik Huijzer?, Frank J. Blaauw?, Age de Wit> & Peter de Jonge!

Recruits are exposed to high levels of psychological and physical stress during the special forces
selection period, resulting in dropout rates of up to 80%. To identify who likely drops out, we assessed
a group of 249 recruits, every week of the selection program, on their self-efficacy, motivation,
experienced psychological and physical stress, and recovery. Using linear regression as well as state-
of-the-art machine learning techniques, we aimed to build a model that could meaningfully predict
dropout while remaining interpretable. Furthermore, we inspected the best-performing model to
identify the most important predictors of dropout. Via cross-validation, we found that linear regression
had a relatively good predictive performance with an Area Under the Curve of 0.69, and provided
interpretable insights. Low levels of self-efficacy and motivation were the significant predictors of
dropout. Additionally, we found that dropout could often be predicted multiple weeks in advance.
These findings offer novel insights in the use of prediction models on psychological and physical
processes, specifically in the context of special forces selection. This offers opportunities for early
intervention and support, which may ultimately improve success rates of selection programs.
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Special forces are often considered the most elite military units, with the potential to significantly impact strategic
military outcomes. They are typically composed of highly trained and motivated individuals who are able to
operate in high-stakes environments that are both psychologically and physically demanding. However, dropout
rates during the selection process are close to 80%. This is a concern for both the recruits and the military as it
incursa personal toll on the recruits and is costly for the organization. Scientifically, a major challenge is identifying
potential dropouts early in the selection period via accurate predictive models. Such models could allow for
early intervention on the relevant psychological and physical processes related to dropout. The scarce previous
research investigated dropout by comparing test scores from before the selection period with the final dropout
or graduation decision. Typical psychological tests in the military include personality inventories*’, and recent
research shows, for instance, that graduates tend to score higher on emotional stability and conscientiousness
than dropouts®. In other research, psychological hardiness was associated with graduation among 1138 special
forces recruits® and 178 Norwegian border patrol soldiers’. On the other hand, in a study including 73 South
African special forces, hardiness and self-efficacy were not associated with graduation!®. In another study, higher
self-efficacy was significantly associated with graduation among 380 special forces recruits'!.

Physical scores, typically based on fitness, strength, and endurance tests, have also been related with
graduation. For example, in a study among 69 Finnish soldiers, baseline information of aerobic fitness
significantly predicted graduation'?. In a study on 160 Swedish police counterterrorism intervention units
including various psychological and physical tests, the authors found running capacity was a significant predictor
of graduation'®. A study on 800 special forces recruits showed that both psychological and physical test scores
were significantly associated with graduation!'%. A follow-up study on 117 special forces soldiers specifically
found that physical characteristics of the body, such as a lower percentage body fat and fat mass were predictors
of physical performance and graduation’®.

Despite some evidence for the role of psychological and physical factors in predicting dropout, a main
issue of previous studies is that they showed limited effects and different predictor combinations. For instance,
when comparing agreeableness between military recruits and a civilian control group, one study showed
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that agreeableness was lower for the military recruits?, whereas this pattern was not found in more recent
studies®!3. Such contradicting results could be due to theoretical and methodological factors. Theoretically, a
commando profile could be composed of different combinations of characteristics that could allow an individual
to perform in highly psychologically and physically demanding situations!®. Methodologically, an important
factor contributing to dropout is how recruits respond to the stress during the heavy selection program. This
cannot be derived from psychological and physical measures taken at one point before the selection program.
Thus, an important question is: how do recruits actually respond to, and recover from, the stress to which they
are exposed? Such a question can be answered by measuring recruits during the selection period on relevant
psychological and physical processes of stress and recovery.

Recent research provided initial evidence that measurements taken during a training or selection period can
be used to predict dropout. For instance, one longitudinal study in the context of elite military training found
that recruits who voluntarily dropped out exhibited an increase in emotional or physical pain, and a decrease in
confidence in course completion up to three days before dropping out'”. Similarly, in a study on 46 recruits in the
Australian Army basic military training course, higher stress and recovery, as measured via the Short Recovery
and Stress Scale'®, were associated with a higher risk of delayed completion'®. Comparable results have been
found in sports: In a study on 135 adolescent elite athletes, lower recovery and higher stress states as measured
by the Acute Recovery and Stress Scale (ARSS) were followed by depressive, burnout, and insomnia symptoms?.
In a study on 74 middle and long-distance runners, recovery and exertion were considered some of the most
important variables for predicting injuries?!. These findings are promising as they suggest that dropout, either
voluntary or involuntary (e.g., due to injury), can be predicted in advance based on psychological and physical
assessments during selection or training periods.

Building upon first efforts of predicting dropout from military programs and the increasing interest in the
psychological and physical stress monitoring during army training, important statistical strides can be made.
Most notably, while previous studies often applied traditional statistical methods, that is, how variables were
associated with dropout or graduation, they often did not report the predictive performance. This means
that associations between variables could be too small to be useful in practice or they could be wrong due to
overfitting®?. Ideally, a study would report predictive performance for multiple models to avoid overfitting and
dependence on one model, and use repeated measures to allow for prediction of dropout in advance (for a recent
example in the context of the marine corps, see?).

The current study therefore aimed to assess the experienced psychological and physical states of recruits
during the selection weeks, while improving upon the statistical methods used in previous research. In line
with recommendations from previous literature, we specifically focused on the experiences of self-efficacy,
motivation, and psychological and physical stress and recovery?*. We compared various classical and state-of-
the-art machine learning models via cross-validation to determine which statistical model can predict dropout
best. In addition, we explored the moment at which valid predictions of dropout could be made (e.g., one week
or more weeks in advance). Such knowledge could lead to a better understanding of the dropout process, and to
targeted interventions in practice.

Method

Participants

The sample for this study consisted of 249 male special forces recruits, ranging in age from 18 to 35 years. Prior
to their involvement in the study, active informed consent was obtained from each recruit. The information
letter informed participants about the study’s purpose, procedures, and potential risks, as well as their right to
withdraw from the study at any time. The participants were diverse in terms of their military experience, with
some being new recruits while others had prior experience in different branches of the armed forces. Due to
the sensitive nature of the data, more detailed information about the participants could not be made available.

Measures and procedure

During the selection period that lasted up to 16 weeks, we asked the following self efficacy and motivation
questions, both in Dutch: “How confident are you in your capabilities to pass the training program?” (0=not
at all confident, 100 =very confident) and “How motivated are you to pass the training program?” (0=not at all
motivated, 100 =very motivated). Furthermore, we used a Dutch version of the Short Recovery and Stress Scale
(SRSS), a self-report questionnaire assessing perceived stress and recovery levels'. The SRSS was validated in
a group of 385 Dutch and Flemish athletes®®, and consists of 8 items divided into two subscales: Recovery and
Stress. Items were rated on a seven-point Likert scale, with higher scores indicating greater levels of recovery or
stress. The Recovery subscale evaluates an individual’s current state in comparison to their best recovery state
ever, with items such as “Physical performance capacity” and “Mental performance capacity”. The Stress subscale
assesses an individual’s current state relative to their highest stress state ever, including items like “Muscle
stress” and “Lack of inspiration” (see!® for the manual). Over the course of the study, the recruits completed the
questionnaire weekly, resulting in a total of 1652 responses.

On average, we received about 6 responses per person. The number of responses per participant varied due
to individuals dropping out of the selection process before the end of the study. The data was collected using an
electronic questionnaire, which was administered via a web-based platform that we developed for this project.
The collection occurred at the start of the training week, which was typically on Monday morning at AM.

Our study was conducted according to the requirements of the Declaration of Helsinki. It was approved
by the ethics committee of the Faculty of Behavioral and Social Sciences of the University of Groningen, The
Netherlands (research code: PSY-1920-S-0512).
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Analysis

We processed the data to include the following 13 variables columns: participant id, week, self-efficacy, motivation,
8 SRSS items, and whether the individual drops out in the week after the response. Here, we truncated the data
at 13 weeks, considering the data was collected for 14 out of 16 weeks. Next, we analyzed the data in three steps
to evaluate the model?®?’. First, we applied principles and techniques from machine learning to estimate the
model’s ability to predict future outcomes. We used 12-fold cross-validation and the area under the receiver
operating characteristic curve (AUC) as a performance metric, for which we used the MLJ.jl software package?.
The AUC is a measure of the performance of a binary classifier, where a value of 0.5 indicates random guessing
and a value of 1.0 indicates perfect predictions. We used the AUC because it is a robust metric that is not sensitive
to class imbalance and is a common metric in the literature.

Second, we used multiple different models to determine which one performed best in terms of predictive
performance. We fitted a binary logistic model with no intercept as our baseline model. Next, we fitted two Stable
and Interpretable RUle Sets (SIRUS) models to the training data as the SIRUS model has shown to perform well
in similar situations with relatively few samples and binary outcomes®-3!. SIRUS is based on random forests
and is non-parametric, meaning that it does not make assumptions about the distributions of the data. Random
forest-based models are robust to outliers, do not require scaling of the data, and perform very well in general®.
Furthermore, we fitted a modern gradient boosting model called EvoTrees.jl**. Gradient boosting models are not
fully interpretable due to the large amounts of trees®’, but they are known to have high predictive performance
in many situations**3°. In the context of military selection, we prefer models with an optimal trade-off between
predictive accuracy and interpretability. Therefore, to combine predictive performance and interpretation®’, we
inspected the model that scored best on this trade-off. Specifically, we trained the model on the full dataset and
inspected the resulting model.

Third, we evaluated the predictive performance in practice. To achieve this, we converted the models
predictions, initially in the range of 0 to 1, back to binary outcomes. We did this by selecting a threshold and
using it to classify the outcomes into dropout and graduate groups. Finally, we visualized the predictions of
the model for different thresholds. This visualization assists researchers and practitioners in selecting the right
balance between the number of false positives and false negatives, and thereby provides an indication of the
predictive performance in practice.

Results
Figure 1 displays the results for the evaluation runs on the cross-validation data.

In Fig. 1, the bottom two graphs both have a max tree depth of 2. This higher depth allows these models to
capture more complex interactions between variables. However, as can be seen in the figure, these models do not
perform markedly better than the simpler models. This is likely caused by more complex models overfitting the
data and could potentially be solved by using more data.

Overall, the logistic regression model performs best since it reveals the best trade-off between predictive
performance and interpretability. The interpretability of this model is very high because the algorithm is much
simpler compared to the thousands of trees in gradient boosting models, yet its performance is similar to that
of the gradient boosting model. Therefore, we inspect the logistic regression model in more detail below. The
coeflicients of the logistic model, when fitted on the full dataset, are shown in Table 1. When interpreting this
model, note that there is variation in performance for the different cross-validation folds (see Fig. 1). This is why
we decided post hoc to set our alpha level conservatively to 0.001 instead of the commonly used 0.05. This lower
alpha level means that we are less likely to find significant results. Setting this level post hoc seemed reasonable
as we use the p-value as just one of the many tools to interpret the model?’. From Table 1, we can see that the
variables “Self-Efficacy” and “Motivation” were significant. The positive coefficients indicate that recruits who
score higher of self-efficacy and higher on motivation are less likely to drop out.

We visualized the predictions of the logistic regression model for different thresholds (see Fig. 2). The figure
shows that many of the dropouts were predicted correctly (events marked in blue in subfigures b, ¢, d), which
is in line with the AUC score as reported in Fig. 1. The higher the threshold, the more likely it is for the model
to predict dropout. As a consequence, the number of false positive predictions increased for higher thresholds.
An interesting observation is that, across all three thresholds, several dropouts were predicted weeks before the
actual dropout event. These early predictions are marked in purple (Note here that purple events in the last week
indicate a prediction that recruits dropout in the very last phase of the selection period. This could, however, not
be verified, as we only studied the data of the first 14 selection weeks).

Discussion

The current study aimed to predict dropout during the special forces selection period. To that end, we assessed
recruits’ psychological and physical states during this period. We applied simple logistic regression models as
well as more complex machine learning models on the recruits’ data. Next, we evaluated how well each model
performed, we interpreted the best model, and explored the predictive performance in practice. We found that
a logistic regression model scored best on the trade-off between predictive performance and interpretability,
because it performed relatively well with an area under the curve (AUC) of 0.69, and the contributions of the
features can be easily extracted through the regression coefficients. The most complex models scored only
slightly better on the AUC, which suggests we had insufficient data for more complex models.

The logistic regression model revealed that self-efficacy was the strongest predictor of dropout. This provides
support for earlier research showing that decreases in confidence about graduating relate to dropout in a military
context'”. The prominent role of self-efficacy in the special forces selection context may not be surprising, given
the saliency of the four typical sources of self-efficacy in this environment. Indeed, this context provides a novel
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Fig. 1. Receiver Operating Characteristic (ROC) Curves. The thick blue line represents the estimate of the
average ROC curve over all folds. The thinner lines in gray display all individual folds of the 12-fold cross-
validation. The average Area Under the Curve (AUC) and 1.96 * standard error scores are shown in the bottom

right of each graph.

Variable Coefficient | Z-score | p-value | Lower 95% | Upper 95%
Self-efficacy* 1.734 4.78 | <0.001 1.022 2.446
Motivation* 1.205 3.6 <0.001 0.549 1.86
Physical performance capability | —0.343 -0.83 0.407 | -1.157 0.47
Mental performance capability | —0.245 -0.6 0.549 | -1.049 0.56
Emotional balance 0.406 1.24 0.215 | -0.233 1.044
Overall recovery 0.341 0.89 0.373 0.413 1.096
Muscular stress 0.561 2.18 0.029 0.056 1.066
Lack of activation 0.513 1.38 0.168 | —0.221 1.282
Negative emotional state —-0.493 -1.38 0.168 | —1.194 0.209
Overall stress -0.701 -1.95 0.051 | —1.405 0.003

Table 1. Fitted binary logistic regression statistics.

Scientific Reports |

(2025) 15:3242

| https://doi.org/10.1038/s41598-025-87604-5

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

a.

Dropout Week Prediction Prediction Prediction
Data Model b. (Threshold=0.75) C. (Threshold=0.85) (Threshold=0.9)
— e ]
= T T
_— - -
= - =l
m -1
= ™ —=
——m — |
—"m = | _—— |
o N | == -— el
— — N ]
— o] - —]
M . = e =
= = = — | e — I
= - - P —a ™
- — i ——
— S | £ o — R
B B e —
= = —
— —_— = ]
— = — i
= = - == — =
= — |- — — —=
=
: | — el —] ——— .
- = FE— S SN
- & = T =
-— 1 n = B
— _—'- — . :—-—_—'— el
L ee— -, ol
=
- -— T m
— — — =T ] B ——
2 4 6 8 10 12 2 4 6 8 10 12 2 4 6 8 10 12 2 4 6 8 10 12
Week Week Week Week

. Drops Out

. Drops Out
(Early Prediction)

Graduates

Fig. 2. Dropout Data and Predictions of the Model. This figure shows how the data was modeled, thereby
marking the true points of drop out for each participant in blue (Graph a). The other three graphs (b-d)
show the predictions according to the logistic regression model for different thresholds. Exploring different
thresholds allows practitioners to select the right balance between the number of false positives and false
negatives. This, together with the AUC, provides an indication of the predictive performance in practice.

situation to recruits in which they are exposed to 1) (un)successful mastery experiences, 2) vicarious experiences
in the form of (un)successful attainments of other recruits, 3) verbal persuasion by the instructors who lead
the selection process, and 4) variations in physiological and affective states throughout the exercises. Across
achievement contexts, robust evidence suggests a positive relationship between the self-efficacy levels resulting

from such sources and performance outcomes

36

, especially when performance feedback is salient”’”. Moreover,

individuals’ sense of self-efficacy determines their strength of motivation in an achievement situation®, which

was the second-strongest predictor in the regression model.
Our findings are also in accordance with the perspective that temporal measures of self-efficacy and

motivation can provide important information on an individual’s resilience. That is, motivation and self-efficacy
are important psychological performance factors that ideally return to normal levels following psychological and
physical stress. When individuals loose resilience, as reflected in their self-efficacy and motivation levels, this
could be a warning signal for negative outcomes such as psychological problems or dropout (cf.,*). Interesting
in this regard is that more direct measures of stress and recovery experiences, as assessed using the SRSS, were
less predictive of dropout. One reason for this could be that the SRSS has, so far, only been validated in the
sports context®. Despite the parallels between the sport and military context, individuals are typically exposed
to more extreme psychological and physical stress during a special forces selection program. It could be that the
experience of stress and recovery are so high for the recruits, that it cannot account for much variance in the
outcome anymore.
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Finally, we estimated the predictive performance in practice. We visualized the predictions of the model
for different thresholds, and found that the model could often predict dropout multiple weeks in advance. In
practice, this means that the calculated AUC scores may underestimate the predictive performance due to the
way the data was modeled. Note that choosing the right threshold is important as it determines the balance
between the number of false positives and false negatives. We showed multiple thresholds which could be used
by practitioners to select this balance, where higher thresholds led to more false positives. Yet, since the cost
of missing a dropout is high, it could be recommendable to pick a higher threshold that results in more early
warnings of dropout.

The current study thus introduced a new methodological approach that can be further exploited in the field
of performance prediction in high-stakes contexts, such as the military or sports. Future work could account
for some limitations in the design of our study. First, the sample size was relatively small for machine learning
models. With a higher sample size, the variation in the cross-validation folds would most likely decrease. Second,
the frequency of measurements could be increased. More frequent measurements allows for more fine grained
analytic opportunities, and for earlier intervention and support in practice. Third, future research could be
complemented with qualitative measures to gain deeper insights into the personal experiences, coping strategies,
and psychological states of recruits. To address these limitations, practical feasibility should be considered, as the
duration and frequency with which individuals can be measured are often restricted in high-stakes training or
selection programs. As a final suggestion for future research, intervention studies could be conducted that may
have an (positive) influence on dropout rates. Examples of such interventions are targeted physical conditioning
programs, as well as evidence-based resilience or mental toughness training®.

Taken together, our study builds on previous research that has highlighted the importance of psychological
and physical factors in predicting dropout from special forces programs. The longitudinal design of our study
allowed to identify future dropouts based on psychological and physical processes during the stressful selection
period. Besides, by picking the right threshold, individuals at risk of dropout could sometimes be identified
weeks in advance. This allows for targeted interventions and support, which could subsequently improve success
rates and reduce the personal and human resource costs associated with high dropout rates.

Data availability

The analytic code can be accessed at the Open Science Framework repository: https://osf.io/7xp9v/. The data
contains sensitive information about the subjects and is therefore restricted from openly sharing it. Requests can
be made by researchers affiliated with universities or independent, non-commercial research institutes via the
same repository.
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