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Introduction. Traumatic brain injury (TBI) remains a serious healthcare problem due to its heterogeneity and unpredictable outcomes. In TBI,
secondary inflammatory cascades are frequently associated with the level of interleukin-6 (IL-6). However, its diagnostic and prognostic value
at various time points after injury requires further investigation in athletes.

Objective. To evaluate the diagnostic accuracy and prognostic significance of IL-6 in stratifying TBI severity at various time points after injury
with the use of machine learning models.

Materials and methods. A prospective cohort study was conducted among 89 male athletes, with a mean age of 28.7 + 5.3 years. These
athletes were actively engaged in contact sports (mixed martial arts and kudo) and had documented evidence of concussion or mild to mod-
erate brain contusion. Sequential blood plasma collection was performed at 3, 6, 12, and 24 h post-injury. IL-6 concentration was determined
using validated enzyme-linked immunosorbent assay (ELISA) protocols. In order to classify injury severity, models were trained using gradient
boosting (XGBoost), logistic regression, and random forest algorithms. The accuracy of model responses was evaluated using ROC analysis.
To identify the most significant time points, the SHAP (SHapley Additive exPlanations) feature importance method was applied. For patient
prediction and stratification, a model based on a long short-term memory (LSTM) recurrent neural network was implemented. Statistical vali-
dation used the Kruskal-Wallis H-test (H = 31.77; p < 0.001) and Spearman’s correlation analysis (-, = 0.81; p < 0.001).

Results. The greatest discriminatory ability of IL-6 concentrations for moderate brain contusion was noted at 6 and 12 h. The XGBoost model
achieved an area under the curve of 0.92 [95% ClI: 0.88; 0.96], with a sensitivity of 87% and a specificity of 84%. The SHAP analysis revealed
that IL-6 values at 6 and 12 h had the greatest impact on the model’s predictions. Logistic regression and random forest yielded areas under
the curve of 0.84 and 0.88, respectively. The identified diagnostic window between 6 and 12 h post-injury coincides with the peak of neuro-
inflammatory activity.

Conclusions. The level of IL.-6 measured within 6-12 h after TBI represents a specific biomarker for early stratification of injury severity. The
integration of explainable machine learning approaches provides robust and clinically relevant decision support in neurotraumatology.
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MOJENN MALUMHHOIO OBYHYEHUA AJ1A CTPATUOUKALNN TAXKECTU YEPEMNHO-
MO3roBOn TPABMbl HA OCHOBE BPEMEHHOW ANHAMUKU NHTEPNIEMKNHA-6

E.N. BanakuH', KA. lOpky', K.A. Manbcarosa®”, T.B. Bytkosa?, A.J1. Kanwesa?, B.W. INycToBonT’

"TocyaapcTBeHHbIN Hay4HbIV LieHTp Poccuiickon ®epepaumn — degepanbHblil MeaUUMHCKINN Brnodunandeckuin LeHTp uM. AW, BypHassiHa,
Mocksa, Poccus
2Hay4Ho-1ccnenoBaTenbCKUim MHCTUTYT BUomMeanumHeKom xummumn uM. B.H. Opexosurya, Mockea, Poccus

BeepeHune. HepenHo-mo3rosas Tpasma (HMT) ocTaeTcs cepbe3Hor NpobneMon B 061acT 30paBOOXPAHEHNS B CBA3M C €€ FreTePOreHHo-
CTbtO U HEMpPeacKasyeMoCTbio MexonoB. Cpeam MoNeKynspHbIX MapKepoB MHTepnenknH-6 (J1-6) YacTo accoummnpyeTcst ¢ Kackaaamm BTO-
pUYHBIX BOCHanuTenbHbIX peakumin. OgHako ero AvarHoCTuYeckas 1 MPOrHOCTUYECKas LEeHHOCTb B pasfnyHble BPEMEHHbIE TOYKN nocne
TpaBMbl OCTAETCA HEAOCTATOYHO N3YHEHHOW Y CMOPTCMEHOB.

Llenb. OueHka AnarHoCTUYeCKOM TOYHOCTI U MPOrHOCTYECKOW 3Ha4nMmocTn UJ1-6 npu cTpatudmkaumm TskecTn UMT B padnudHbie Bpe-
MEHHbIE TOYKI MOCAe TPaBMbl C UCMOb30BaHVEM MOAENEN MaLLMHHOMO 0BYy4eHNs.

Martepuanbl u metoppl. [POBEAEHO NPOCMEKTVBHOE KOrOPTHOE HabntofeHne 89 My>K4MH-CMOPTCMEHOB, aKTUBHO 3aHVMAIOLLIMXCH KOH-
TaKTHbIMW BUAAMW CriopTa (CMeLLiaHHble eAMHOO0PCTBA U KyAo), cpeaHuin Bo3pacT 28,7 + 5,3 roaa, ¢ A0KYMEHTUPOBaHHbIM NMOATBEXXAEHN-
€M COTPSICEeHNs MO3ra, YLUMOOM Mo3ra Nerkon 1 cpefHen cteneHn TshxkecTu. OCyLLEeCTBNASNM NOCNef0BaTeNbHbIN 3a00p Nia3mbl KPOBU Ye-
pes 3, 6, 12 n 24 4 nocne TpasMbl. KoHueHTpaums WJ1-6 onpeneneHa ¢ NOMOLLbIO BaTMANPOBAHHbBIX MPOTOKOMNOB 415 UMMYHOMEPMEHTHOrO
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aHanuza. [Ans pellenrs 3agay kKnaccudurkaLmm TSHKeCT TpaBMbl bl 06yHeHbl MOAENN Ha OCHOBE anropuTMOB MPafAnMeHTHOro BycTHra
(XGBoost), nornctunyeckom perpeccum 1 cnyvanHoro neca. TO4HOCTb OTBETa Mofenel olieHMBanack ¢ nomollpto ROC-aHanmaa. ns onpe-
AeneHns Hanbonee 3Ha4YNMbIX BPEMEHHbIX TOHEK MPUMEHANCH METOF, OLIEHKIN BaXKHOCTU MpunaHakos SHAP (SHapley Additive exPlanations).
[ns NporHo3MpoBarus 1 cTpatudukaumm naumeHTos bbina peanmsoBaHa MOAENb HA OCHOBE PEKYPPEHTHOW HENPOHHOW CETU C AONrON
KpaTkocpo4Hon NamsTeio (LSTM). CTatnuctnyieckas Banmaaums Bktodana H-kputepuit Kpackena — Yonnuca (H = 31,77; p < 0,001) n kop-
penaunoHHbIi aHanma Crivpmena (r, = 0,81; p < 0,001).

Pesynbtatbl. KoHueHTpauun MJ1-6 4epesd 6 1 12 4 NpoaeMOHCTPUPOBan HanbobLLy ANCKPUMUHALMOHHYK CMOCOBHOCTb Npn yunbe
Mo3ra cpefHen ctenern Tshxkectu. Mogens XGBoost nocturna AUC 0,92 [95% [W: 0,88; 0,96], 4yBcTBUTENBHOCTY 87% 1 CneuLmnduyHoCTH
84%. Ananns SHAP nokasan, 4to 3HadveHns J1-6 yepes 6 1 12 4 okazanm HambosbLuee BAVSHME Ha MPOrHO3bl MoAenu. Jlornctndeckas
perpeccus n cnydanHbin nec ganv AUC 0,84 1 0,88 cOOTBETCTBEHHO. BbISIBNEHHOE AMArHOCTUHECKOE OKHO Mexxay 6 1 12 4 nocne TpaBMbl
coBraaeT C MMKOM HENPOBOCMaNUTENBHON aKTUBHOCTY.

BeiBogbl. YpoBeHb WJ1-6, namepeHHblin B TeveHne 6-12 4 nocne YMT, npeactaBnseT cobon cneumduyecknii buomMapkep Ans paHHen
cTpatTuuKaummn TSXXeCT TpaBMbl. VIHTerpaums o6bsaCHYMbBIX MOAXOA0B MALUMHHOIO 0ByYeHUst 06ecneyrBaeT HaOEeXHYKO N KIIMHNYECKN
3HaYMMYIO MOAAEPKKY MPUHSATUS PELLEHWIA B HEMPOTPaBMaTOIor K.

Kniouesble cnosa: WJ1-6; 4epenHo-Mo3rosas TpasBma; MallvHHOe oby4qeHue; BroMapKep; PEKYPPEHTHAA HeMpOoHHas ceTb C LOAroN
KpaTKOCPO4HOM MamMAThIO; norncTuydeckas perpeccus; XGBoost
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INTRODUCTION molecular and cellular processes behind neurotrau-
ma. Among such biomarkers, particular attention is
paid to interleukin-6 (IL-6), a pro-inflammatory cyto-

kine that plays a key role in the pathogenesis of neu-

Traumatic brain injury (TBI) represents a global medi-
cal and socioeconomic problem that causes disabil-

ity and premature mortality in millions of patients every
year. According to the World Health Organization, up
to 69 million people worldwide annually sustain a TBI
of varying severity, with the majority of cases occurring
in the working-age population (15-44 years). The diag-
nosis and stratification of TBI remain clinically challeng-
ing, especially in the absence of obvious neuroimaging
changes and due to the variable clinical picture in the
subacute and intermediate periods [1-3].

Biochemical markers are currently not used for diag-
nosis in Russian neurotraumatology. According to clinical
guidelines'?, TBI is diagnosed by assessing the level of
consciousness on the Glasgow Coma Scale (GCS) and
analyzing data from computed tomography or magnetic
resonance imaging. However, visual diagnostic methods
are expensive and not always accessible, as they require
patients to visit specialized centers. Also, existing clini-
cal assessment scales, including the GCS, have limited
sensitivity to hidden neuronal tissue damage.

As a result, a growing interest is being shown in
objective laboratory markers capable of reflecting the

roinflammation and the activation of secondary injury
cascades [4, 5]. Several studies show that IL-6 plasma
levels correlate with TBI severity, brain edema devel-
opment, and disease outcomes, especially within the
first 24 h post-injury [6—-8]. For example, the study by
Hergenroeder et al. was one of the first works to dem-
onstrate a correlation between serum IL-6 level and
TBI severity [9]. Although these early studies used no
machine learning tools, they laid the foundation for in-
corporating IL-6 into predictive models for TBI severity
and outcomes [9].

However, in order to use IL-6 as a stratification tool
in clinical practice, it is necessary to take into account
its temporal dynamics in relation to other parameters
[9, 10]. In this context, machine learning methods offer
unique opportunities for constructing highly accurate
predictive models capable of identifying nonlinear de-
pendencies and determining the significance of individu-
al time points. In particular, gradient boosting (XGBoost)
and recurrent neural networks (LSTM), adapted for the
analysis of time-series biomarkers, not only enhance

" Clinical guidelines “Mild Traumatic Brain Injury,” 2016. URL: https://ruans.org/Text/Guidelines/mild_head injury.pdf

2 Clinical guidelines “Concussion,” 2022. URL: https://legalacts.ru/doc/klinicheskie-rekomendatsii-sotrjasenie-golovnogo-mozga-utv-minzdravom-rossii/
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diagnostic accuracy but also ensure the interpretability
of decisions through the use of SHAP (SHapley Additive
exPlanations) analysis [11-13].

The present study addresses the development and
validation of machine learning models for stratifying TBI
severity based on serial IL-6 measurements, with a focus
on their prognostic significance and potential for clinical
integration into early diagnostic algorithms.

The study aims to develop and interpret a machine
learning model for stratifying TBI severity based on the
temporal dynamics of IL-6 plasma concentrations.

MATERIALS AND METHODS
Study Design and Population

The present study is a prospective cohort observa-
tion conducted to investigate the dynamics of IL-6 and
its role in stratifying TBI severity in the early stages
after traumatic impact. The study included 89 male
athletes, with a mean age of 28.7 + 5.3 years, who
were actively engaged in contact sports (mixed mar-
tial arts and kudo). Inclusion criteria were as follows: a
traumatic brain injury (confirmed clinically and through
medical history), the absence of concomitant somatic
pathology, and written informed consent to partici-
pate in the study.

The participants were stratified into three study
groups by the clinical severity of TBI: a group with cer-
ebral concussion (n = 43), a group with mild brain con-
tusion (n = 35), and a group with moderate brain contu-
sion (n = 11). This classification was based on the GCS
score, duration of unconsciousness, and the presence
of focal neurological symptoms.

Biological sample collection and analysis

For subsequent analysis of IL-6 level, venous blood was
collected from the cubital vein into vacuum tubes con-
taining ethylenediaminetetraacetic acid (K2EDTA) as an
anticoagulant (VACUETTE® K2EDTA, Greiner Bio-One,
Austria) at 3, 6, 12, and 24 h post-injury (t3, t6, t12,
and t24). Blood samples were processed according to
centrifugation protocols (3000 g; 10 min at 4°C), fol-
lowed by plasma aliquoting and storage at —80°C until
analysis.

IL-6 concentrations were determined using an
enzyme-linked immunosorbent assay (ELISA) with
certified diagnostic kits (Accquant® HS-IL-6 ELISA,
FineTest, China), manufactured in accordance with
ISO 13485:2016 requirements. Laboratory analysis was
performed at an accredited laboratory meeting the cri-
teria of GOST ISO 15189:2015. Calibration curves were
constructed based on standard samples, and qual-
ity control was ensured by using internal and external
standards, which guaranteed an inter-assay variability of
less than 10%.

EXTREME MEDICINE | 2026, VOLUME 28, No 2

Each IL-6 value was encoded as a time profile, ena-
bling the use of the biomarker’s dynamic characteristics
in subsequent modeling. Missing values were assessed
for their missingness mechanism and handled using
multiple imputation algorithms. The complete dataset
was normalized before being input into the machine
learning models.

Definition of endpoints

In the stratification model, the primary clinical outcome
variable (dependent variable) is TBI severity, determined
based on a set of clinical criteria, including GCS scores,
the presence and duration of unconsciousness, retro-
grade amnesia, as well as the severity of focal neurologi-
cal symptoms. The participants were categorized into
three diagnostic groups: cerebral concussion, mild brain
contusion, and moderate brain contusion. The classifi-
cation of injury severity was carried out in a neurologi-
cal hospital setting according to standardized diagnostic
protocols.

For the purpose of analysis, the categorical outcome
was recoded into a binary variable: “non-severe TBI”
(concussion + mild brain contusion) versus “severe TBI”
(moderate brain contusion), with subsequent boundary
validation based on predictive sensitivity modeling.

Machine Learning Tools

In order to implement a predictive tool for stratifying
TBI severity based on time-series IL-6 concentrations,
a combination of machine learning algorithms was ap-
plied. The primary model was built using XGBoost
(Extreme Gradient Boosting) on tabular data, which
included IL-6 values at four time points (3, 6, 12, and
24 h post-injury). The model hyperparameters were op-
timized using 5-fold cross-validation.

The interpretability of the model was assessed via
the SHAP method, which provided a means to quan-
tify the contribution of each time-specific IL-6 feature to
the final classification. The greatest significance in pre-
dicting severe TBI outcomes was demonstrated by the
IL-6 levels at 6 and 12 h post-injury (SHAP-value > 0.37),
which correlated with the phase of systemic inflamma-
tory response.

In addition, an LSTM (Long Short-Term Memory)
recurrent neural network was built for analysis of IL-6
time sequences (t3-t24) in order to model biomarker
dynamics and predict outcomes. The input tensor had
the shape [n, 4, 1], where n is the number of patients.
The model was trained using a supervised classifica-
tion scheme, with a stratified split of the dataset into
training and testing sets in an 80:20 ratio. The model’s
performance metrics were accuracy, F1-score, and
area under the ROC curve. For model validation, a con-
fusion matrix was also used to calculate sensitivity and
specificity.
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The machine learning methods used in this work ex-
pand and complement the capabilities of classical sta-
tistical tools. Classical methods (Kruskal-Wallis, Mann—
Whitney, and ROC analysis) were employed to identify
intergroup differences and assess the diagnostic sig-
nificance of individual parameters. In contrast, machine
learning algorithms (XGBoost, LSTM, and SHAP) were
used to build accurate predictive models for individual
patients in order to identify complex nonlinear relation-
ships and temporal patterns in the analyzed parameters
that cannot be detected using classical statistical mod-
els. The machine learning results were interpreted via
the SHAP method, which provides a deeper and more
intuitive interpretation of the contribution of predictors
compared to standard regression coefficients. The com-
bination of statistical approaches provided a means to
identify significant differences and the diagnostic value
of markers, while also ensuring an accurate, personal-
ized outcome prediction.

Statistical analysis

All quantitative data were tested for normality of dis-
tribution using the Shapiro-Wilk test. Since a devia-
tion from normal distribution was detected (p < 0.05),
non-parametric methods were used to assess dif-
ferences between groups: the Kruskal-Wallis test for
comparing multiple groups and the Mann-Whitney test
with Bonferroni correction for pairwise comparisons.
Spearman’s rank correlation coefficient (r) was used to
assess the strength of association between variables.

The diagnostic accuracy of IL-6 biomarkers was
assessed using area under the curve analysis (ROC
analysis). In order to calculate sensitivity, specificity, and
Youden’s index (J = Se + Sp — 1, where Se is sensitivity
and Sp is specificity), we used values corresponding to
the optimal threshold criterion, which is determined by
the maximum Youden’s index. The significance of dif-
ferences between ROC curves was evaluated employ-
ing the DelLong test. The interpretation of AUC (area
under the curve) values was carried out in accordance
with recommendations for measuring the accuracy of
diagnostic systems [14]: AUC 0.7-0.8 — fair accuracy;
0.8-0.9 — good; >0.9 — excellent.

In order to develop a model for stratifying the sever-
ity of traumatic brain injury, gradient boosting (XGBoost)
was applied. The training and test sets were formed in
a 70:30 ratio with stratification (stratified split) to ensure
balanced representation of classes. Model hyperparam-
eters were selected using stratified 5-fold cross-valida-
tion, in which the training set was sequentially divided
into five equal subsets while maintaining class propor-
tions in each. In each iteration, four subsets were used
for model training, and one subset was used for qual-
ity assessment. Hyperparameter optimization was per-
formed by minimizing the log-loss. The quality of the final
model was evaluated on the test set using the following
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metrics: area under the ROC curve (AUC-ROC), preci-
sion, recall, and F1-score. The contributions of features
to model predictions were interpreted via the SHAP
method in its specialized implementation for tree en-
sembles (TreeSHAP).

For temporal prediction and patient stratification, a
model based on an LSTM recurrent neural network was
also implemented. Time series were generated from
four measurement points (3, 6, 12, and 24 h) and were
normalized using the z-score scale. Training was per-
formed using the Adam optimizer and the categorical
cross-entropy loss function. Early stopping, which re-
lies on the loss value on the validation set, was used
to combat overfitting. The accuracy of the model was
compared with baseline algorithms (logistic regression
and XGBoost).

All statistical calculations and visualizations were
performed in the R environment (version 4.3.2) using
the following packages: tidyverse, ggplot2, pROC,
xgboost, SHAPforxgboost, keras, caret, and rstatix.
Differences were considered statistically significant at
p < 0.05, with adjustments for multiple comparisons
where appropriate.

RESULTS AND DISCUSSION

A time profile analysis of IL-6 concentrations (t3, t6, t12,
and t24) revealed significant intergroup differences de-
pending on the clinical severity of TBI. Figure 1 presents
the distributions of IL-6 values, indicating medians and
interquartile ranges for the three cohorts: cerebral con-
cussion, mild brain contusion, and moderate brain con-
tusion.

The most pronounced differences between groups
were noted at 6 and 12 h post-injury. According to
the Kruskal-Wallis test, a statistically significant differ-
ence in IL-6 concentrations was observed at these time
points between the three severity categories (p < 0.001).
Conversely, the 3-h and 24-h time points did not reach
the level of statistical significance after the Bonferroni
correction (p > 0.05).

In pairwise comparisons (Mann-Whitney test), IL-6
concentrations in moderate TBI patients exceeded the
corresponding values in patients with mild brain contu-
sion and concussion by an average of 1.8-2.3 times at
6 and 12 h post-injury, indicating the presence of a diag-
nostically relevant window of inflammatory activity within
3-12 h after trauma.

Spearman’s correlation analysis revealed a positive
relationship between IL-6 level and severity in these time
intervals (r, = 0.81; p < 0.001). The most informative in-
dicators were found in samples obtained at 6 and 12 h
post-injury, which is consistent with the phase of sys-
temic inflammatory response and justifies their inclusion
in prognostic stratification algorithms (Fig. 2).

In order to develop a tool for stratifying TBI severity,
an XGBoost model was built using IL-6 concentration
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Fig. 1. Interleukin-6 level distribution in groups with concussion, mild brain contusion, and moderate brain
contusion at 3, 6, 12, and 24 h post-injury: « — outliers beyond the interquartile ranges (i.e., observations in the dataset
that significantly deviate from the other values); BC — brain contusion; TBI — traumatic brain injury

values at four time points as input parameters: 3, 6, 12,
and 24 h post-injury.

Each row in the graph corresponds to one time
point of IL.-6 measurement (3, 6, 12, and 24 h post-inju-
ry), and the horizontal axis represents the SHAP value,
i.e., the quantitative contribution of each feature to the
final model prediction. Points to the right of the zero
line (positive SHAP values) indicate an increased risk of
being classified as severe TBI, while points to the left
indicate a decreased risk. The color scale (from yellow
to purple) represents the effect on the model response:
yellow points correspond to samples with a low effect
on the response, purple points to those with a signifi-
cant effect. The pronounced shift in the distribution of
points for IL-6_6h (IL6_t6) and IL-6_12h (IL6_t12) into
the positive region (to the right), with maximum SHAP
values =0.37, demonstrates a significant contribution
and correlates with the phase of systemic inflammatory
response in TBI.

A feature importance analysis based on the reduc-
tion in classification accuracy and the Gini index showed
that the IL-6 values obtained at 6 and 12 h post-injury
made the maximum contribution to the classification
of severe TBI forms (Fig. 3). These time points were
also identified as key in the non-parametric analysis
(H=31.77; p <0.001 and H = 28.91; p < 0.001), indicat-
ing the reproducibility of the result across independent

EXTREME MEDICINE | 2026, VOLUME 28, No 2

methodological platforms. The greatest contribution to
classification is made by the IL-6 values recorded at 3
and 6 h post-injury, which confirms their diagnostic sig-
nificance (Fig. 3).

The diagnostic accuracy of the model, measured by
the AUC-ROC, amounted to 0.92 in a multi-class ap-
proach, indicating high prediction reliability. The SHAP
analysis confirmed that at 6 and 12 h post-injury, the
IL-6 values had a decisive influence on the classifica-
tion of moderate TBI cases. For predicting the moderate
form, an IL-6 threshold of >12.5 pg/mL was determined
at these time points.

The modeling results underscore the prognostic
significance of inflammatory response within the win-
dow between 6 and 12 h after injury. In clinical diag-
nostic algorithms, these biomarkers could enhance
the sensitivity and specificity of stratification models
and, consequently, increase the proportion of compli-
cations detected at early stages. The interpretability
is ensured by means of SHAP visualization (Fig. 2),
which provides grounds for considering the model to
be clinically relevant and suitable for validation on ex-
ternal cohorts.

A comparison of predictive capabilities possessed by
the machine learning algorithms revealed the superiority
of non-linear ensemble models in classifying TBI sever-
ity based on time-series IL-6 concentrations. Within a
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stratified dataset built on the levels of neuroinflammatory
response, four measurement points were used: 3, 6, 12,
and 24 h.

The gradient boosting model (XGBoost) demon-
strated the highest diagnostic accuracy (AUC = 0.92),
which surpassed that of random forest (AUC = 0.88)
and regularized logistic regression (AUC = 0.84). The
differences between the models were statistically
confirmed by the DelLong test (x* = 12.41; p = 0.002).
The optimal sensitivity and specificity for XGBoost
reached 87% and 84%, respectively, at the maximum
Youden’s index.

The most significant contribution to the model out-
put was made by IL.-6 concentrations obtained at 6 and
12 h post-injury, which is consistent with the correlation
analysis and non-parametric comparisons. These time
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points form a diagnostically sensitive window for stratify-
ing TBI severity.

Summary data on the accuracy metrics of all models
are presented in the table.

The presented data support the application of a
comprehensive approach, which is based on multi-time
IL-6 profiles, to stratifying neurotrauma severity in ath-
letes from contact sports.

In order to analyze the IL-6 concentration time series
and classify TBI severity, an LSTM model was imple-
mented (Fig. 3). The input data consisted of sequences
of IL-6 values obtained at 3, 6, 12, and 24 h post-injury.
The model architecture was adapted to the tensor di-
mensions [n, 4, 1], where n is the number of participants.

The training was conducted using a supervised clas-
sification principle with an 80:20 dataset split, while
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Table. Model accuracy metrics and the contribution of IL-6 sampling time to the classification of traumatic brain

injury severity

Most significant IL-6

Model AUC [95% CI] | Sensitivity (%) | Specificity (%) | Youden’s index sampling time, h
XGBoost 0.92 [0.87-0.96] 87 84 0.71 6; 12
Random Forest 0.88 [0.82-0.93] 82 80 0.62 6
Logistic Regression | 0.84 [0.77-0.89] 78 76 0.54 12

Table compiled by the authors based on their own data

Note: AUC — Area Under the Curve; XGBoost (eXtreme Gradient Boosting) — machine learning model based on gradient boosting algorithms;

IL-6 — interleukin-6.

maintaining the stratified distribution by severity levels.
The model showed an average classification accuracy
of 84.5%, and the F1-score for the group with moder-
ate brain contusion reached 0.91. This indicates a high
ability of the model to correctly identify the most severe
cases, taking into account the temporal dynamics of the
inflammatory biomarker.

A sensitivity analysis to feature exclusion revealed
the key role of IL-6 levels measured at 6 h post-injury.
Removal of this feature led to an AUC decrease of 0.08,
confirming its critical importance in prediction. The visu-
alized model outputs showed that the 6-12 h temporal
pattern makes the greatest contribution to group differ-
entiation, correlating with the previously identified win-
dow of systemic inflammatory response.

The obtained results suggest that recurrent neural
networks are a promising tool for interpreting temporal
biomolecular signals in TBI stratification. Such models
can be implemented with the use of sequential biomark-
ers and standardized time points, which ensures not
only high accuracy but also the clinical applicability of
the algorithm.

The study results indicate a high prognostic val-
ue of IL-6 levels in stratifying TBI severity, particularly
within the 6-12 h post-injury interval. This aligns with
the established pathophysiological phases of neuroin-
flammatory response, during which IL-6 participates in
cascade activation, leading to secondary neuronal and
glial damage.

A comparison with the results of a prospective
TRACK-TBI study shows the comparable significance
of IL-6, glial fibrillary acidic protein (GFAP), and ubiqui-
tin carboxy-terminal hydrolase L1 (UCHL1) in predicting
outcomes in mild to moderate TBI [15]. Unlike GFAP and
UCHLA1, which primarily reflect structural damage to as-
trocytes and axons, IL-6 helps characterize the systemic
inflammatory response, especially in early post-injury
stages [4, 5, 7, 16]. Papa et al. show that GFAP/UCHL1
levels can predict the presence of intracranial abnormali-
ties on computed tomography scans but do not cover
the dynamic spectrum of immune activation [17-19].

In this study, the IL-6 levels at 6 and 12 h post-injury
demonstrated the highest prognostic significance (SHAP
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value = 0.37; p < 0.001), making a key contribution to the
XGBoost model (Figs. 2, 3). This is consistent with the
concept of “systemic vulnerability interval” described by
Yue et al. [20], according to which early cytokine cas-
cade activation is crucial in determining prognosis and
injury outcomes.

The performed comparative analysis of the algo-
rithms indicates the advantage of non-linear models,
including XGBoost (AUC = 0.92) and LSTM (F1 = 0.91
for moderate brain contusion), over logistic regression
and random forest (Table). The model interpretation
through SHAP analysis confirms the key role of the 6
and 12-h time points in classifying severity. This makes
IL-6 not only diagnostically significant but also a clini-
cally applicable biomarker for monitoring in the subacute
period.

The presence of a 6-12 h diagnostic window is
also reflected in the visual distributions of IL-6 con-
centrations (Fig. 1), where statistically significant dif-
ferences were observed at these time points between
all values in the severity groups (H = 31.77; p < 0.001
and H = 28.91; p < 0.001, respectively). Thus, these
time points can be considered critical in developing
laboratory monitoring protocols and making clinical
decisions.

Noteworthy is that, unlike most existing studies, the
present modeling was based on a strictly stratified co-
hort with serial measurements, which increased the
accuracy of predictions. However, the use of only one
biomarker (IL-6) and the relatively small size of the sub-
group with moderate brain contusion (n = 11) stillimpose
limitations, requiring subsequent external validation on
independent samples.

The conducted study confirms that the post-TBI
interval between 6 and 12 h has the highest diagnos-
tic value in assessing injury severity based on plasma
IL-6 concentrations. It was during this period that the
subgroup of patients with moderate brain contusion
exhibited the maximum median IL-6 levels, which sig-
nificantly exceeded those in the groups with mild injury
and concussion (Fig. 1). The statistical significance of
differences at 6 and 12 h post-injury was confirmed
by the non-parametric Kruskal-Wallis test: H = 31.77,
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p < 0.001 for the 6 h time point and H = 28.91; p < 0.001
for the 12 h time point.

The prognostic value of these time points was further
confirmed within the construction of machine learning
models. According to gradient boosting (XGBoost), IL.-6
concentrations at 6 and 12 h post-injury had the high-
est importance values both in terms of the decrease in
model accuracy and the Gini index (Fig. 3). Using SHAP
analysis to interpret the model, we found that these two
temporal features had the most significant effect on the
model’'s predictions (maximum SHAP values = 0.37).
This approach ensured a high level of algorithm explain-
ability, which is critical for application in clinical practice.

Along with XGBoost, the LSTM model adapted to the
time-series biomarker data demonstrated high accura-
cy. Despite the small sample size (n = 89), it achieved an
F1-score of 0.91 in the classification of TBI severity. This
indicates the potential of LSTM neural networks in multi-
class stratification and monitoring.

However, the methodology has several limitations.
First, the study relies exclusively on IL-6 levels, without
the use of other inflammatory, glial, and axonal biomark-
ers. This limits the potential for constructing multi-bio-
marker models, whose promise has been demonstrated
in large cohort studies. Second, the sample size (n = 89)
does not allow for robust external validation of the mod-
els, especially within subgroups where patients with
moderate brain contusion account for less than 15% of
the total cohort. Finally, the IL-6 levels were measured
using only one analytical method (ELISA), which limits
data reproducibility in interlaboratory settings.

Nevertheless, plasma IL-6 levels possess high diag-
nostic accuracy in predicting TBI severity, particularly
within the diagnostically sensitive post-injury window
between 6 and 12 h. This conclusion is confirmed not
only via statistical methods but also by interpretable ma-
chine learning models, which provides a foundation for
incorporating IL-6 into digital protocols for personalized
monitoring and decision-making in sports medicine and
military medical practice.

Clinical and regulatory aspects of implementing
intelligent models in neurocritical care

Current research on TBI identification extensively ex-
plores machine learning approaches [21, 22], and ma-
chine learning algorithms are actively used to create pre-
dictive models for TBI patient outcomes. For instance, in
the study by Cao et al. [23], XGBoost and SHAP were
used to develop and validate a predictive model for in-
hospital mortality in patients with isolated severe TBI
and to identify the most influential predictors. This mod-
el proved to be highly accurate in predicting in-hospital
mortality within the first five days based on injury sever-
ity, admission GCS score, and patient age.

For the prediction of GCS score dynamics in TBI pa-
tients, Nayebi et al. propose a model based on a deep
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recurrent neural network (including LSTM). This study
showed that training a model on time-series data from
TBI patients can be informative and improve prediction
accuracy. The most important features were derived
from the recurrent neural network model; their values
show a clear trend for favorable and unfavorable out-
comes. This study demonstrates the amount of informa-
tion that can be obtained from time-series data for more
accurate TBI prediction [24].

Using artificial intelligence algorithms to stratify TBI
severity opens up prospects for integrating intelligent
clinical decision support systems (CDSS) into the prac-
tice of neurocritical care. Validated models built on data
regarding IL-6 concentrations and other biomarkers pro-
vide a means to rapidly assess the likelihood of devel-
oping adverse neurological outcomes and determining
injury severity in the early stages post-incident.

In order to ensure regulatory compatibility of the pro-
posed solutions, compliance with international standards
for the reliability and interpretability of AI/ML approaches
is of particular importance. Specifically, the structure of
the developed algorithms and their logic align with the
principles of ISO/IEC 23053:2022. This standard pro-
vides a framework for describing Al systems incorporat-
ing machine learning, with provisions for ensuring trans-
parency, robustness, and ethical acceptability of digital
solutions. Adherence to such a framework is especially
critical when algorithms are applied in contexts of clinical
uncertainty and under life-threatening conditions.

A key condition for the clinical acceptability of intel-
ligent models is their interpretability by medical profes-
sionals. This study utilized explainable Al (XAl) methods,
including SHAP value analysis, which enables a person-
alized assessment of the contribution of each feature
(specifically, IL-6 levels at 6 or 12 h post-injury) to the final
model output. This allows an expert physician to verify
the result and make informed clinical decisions.

Noteworthy is that to be used in clinical settings,
algorithms must be validated on independent samples.
In this study, the generalizability of results was limited
by the use of a single cohort. The transition to clini-
cal application would require multicenter studies with
external datasets to confirm the model’s robustness
across various populations and laboratory settings.
Only with reproducible accuracy (AUC > 0.85) and a
controlled error rate (as per ISO 14971 [8]) can such al-
gorithms be included in regulated patient management
protocols for TBI.

CONCLUSION

The study developed a predictive model that uses gradi-
ent boosting and recurrent neural networks to analyze
temporal inflammatory biomarkers within the first 24 h
after TBI.

The conducted time profile analysis of IL-6 during
the post-traumatic period in TBI patients revealed the
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significance of 6 and 12-h post-injury time points in clini-
cal severity stratification. The measured IL.-6 concen-
trations demonstrated a stable association with clinical
assessment and significant differences between groups
according to non-parametric analysis results (H = 31.77;
p < 0.001) and correlation coefficients with neurological
status scales (1, = 0.81; p < 0.001).

The developed machine learning models — XGBoost
and LSTM recurrent neural networks — provided high
stratification accuracy, which was confirmed by the area
under the ROC curve values (AUC > 0.90) and robust-
ness to overfitting during cross-validation. The most in-
formative features in these models were the IL-6 levels
within the specified critical intervals.

The SHAP feature importance method helped de-
termine the predictive contribution of each time mark-
er in the model. This approach provided a means to
preserve the clinical interpretability of the model and
ensure the physician’s participation in the decision-
making process.

The scientific significance of this study lies in the
identification of critical time points for IL.-6 measurement
(6 and 12 h), which could potentially enable the stand-
ardization of future research. The diagnostically signifi-
cant IL.-6 concentrations identified in the early period
correlate with TBI outcomes, confirming the hypothesis
about the critical role of an early and exaggerated neuro-
inflammatory response in the pathogenesis of second-
ary brain injury. This shifts the focus of attention to the
very earliest post-traumatic processes. Moreover, the
new data can be used as input parameters for creating
machine learning models.
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