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Abstract

the objective assessment of CFS diagnosis.

Background An artificial intelligence (Al) pipeline was used to differentiate patients suffering from Chronic Fatigue
Syndrome (CFS) from healthy controls (HC) based on high-frequency, large-scale data obtained using beat-to-beat
measurement of the autonomic nervous system (ANS) and cardiovascular function.

Methods This prospective, case-control study included a cohort of 112 CFS patients and 61 HCs examined. Heart
rate (HR), high-frequency R-to-R interval (HF RRI), diastolic blood pressure (dBP), stroke volume (SV), and SV index
(SV/FEM) were measured using the Task Force Monitor. A novel sequential learning approach was applied: first, a
Transformer model was trained, followed by an XGBoost classifier that learned from the errors of the Transformer.
Matthews correlation coefficient (MCC), accuracy, and Area Under the Receiver Operating Characteristic Curve (ROC
AUC) were assessed. Model classifications were explained globally.

Results The applied classifier achieved a subject-level accuracy of 0.89, an MCC of 0.79, and an AUC of 1.00. Lower
values of beat-to-beat difference in HR and raw HF RRI (indicating reduced cardiac vagal tone) and higher values of
dBP difference (more beat-to-beat increases, indicating higher sympathetic vascular tone) were related to being more
likely classified as CFS patients. Low values of SV difference and low values of SV/FFM (both indicating less effective
cardiac hemodynamics) were related to being more likely classified as CFS patients.

Conclusions The Al-driven classifier demonstrates remarkable proficiency in distinguishing between patients with
CFS and HC. By leveraging this automated pipeline, beat-to-beat measurements of the ANS can significantly enhance
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Background

Chronic Fatigue Syndrome (CES) is defined by unex-
plained, persistent fatigue and a range of symptoms, none
of which are pathognomonic. These include objectively
measurable dysfunctions such as cognitive and auto-
nomic nervous system (ANS) disturbances, and post-
exertional malaise (PEM), which, despite its specificity,
along with other symptoms, relies mainly on subjective
patient reports due to the lack of reliable biomarkers
[1-5]. This absence of quantifiable clinical or biological
markers makes CFS diagnosis challenging, often result-
ing in long delays for patients [6].
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The ANS function, which regulates cardiac muscle,
can be assessed non-invasively, and impairment has been
documented in CFS patients [7]. In a previous study, we
identified autonomic subgroups among CEFS patients:
those with sympathetic dysautonomia exhibited more
severe disease, lower quality of life, and greater auto-
nomic symptoms, while those with balanced ANS func-
tion had better outcomes [8].

In this study, beat-to-beat cardiovascular and auto-
nomic parameters were recorded at rest, producing high-
frequency time-series data from 112 CFS patients and 61
healthy controls out of an initial 1638 screened subjects
[9]. Handling such large datasets requires advanced ana-
lytics. Previously, we used a machine learning ensemble
for blood-based Raman spectroscopy diagnosis [10].
Here, we designed an automatic Al pipeline combining
a Transformer neural network and XGBoost classifiers
to distinguish parameter dynamics between CFS and
controls. XGBoost, an effective method for tabular data,
works by sequentially training decision trees to correct
predecessor errors [11, 12]. Our novel sequential learning
applies the Transformer first, then trains XGBoost on its
prediction errors to improve performance.

To enhance model transparency and address “black
box” concerns, we employed explainable artificial intel-
ligence (XAI) [13]. The primary goal is to develop a fast,
cost-effective, and accurate Al-based diagnostic tool for
clinicians to identify CFS patients efficiently.

Materials and methods

Participants and study design

This prospective, case-control study included patients
with CFS examined at Collegium Medicum Bydgoszcz,
Poland (between February 2013 and January 2020).
Therefore, no CFS cases related to COVID-19 were
included in the cohort. Most patient data were obtained
from baseline measurements in our previous interven-
tion-based studies on CFS: an Individualised Activity
Programme (IAP), and Whole-Body Cryotherapy and
Static Stretching (WBC + SS) [14, 15]. The research was
conducted in accordance with the Declaration of Hel-
sinki and approved by the Ethics Committee, Ludwik
Rydygier Memorial Collegium Medicum in Bydgoszcz,
Nicolaus Copernicus University, Torun (KB 332/2013
and KB 660/2017). All study participants gave written,
informed consent for their data to be used for research
purposes. CES patients included in the studies met the
Fukuda diagnostic criteria for CFS, which require unex-
plained, persistent, or relapsing fatigue lasting six or
more months, accompanied by at least four out of eight
additional symptoms such as post-exertional malaise,
impaired memory or concentration, unrefreshing sleep,
muscle/joint pain, tender lymph nodes, sore throat, and
new headaches. The inclusion criteria for CFS in this

Page 2 of 12

study were as follows: (1) age between 25 and 65 years;
(2) fatigue for more than 6 months of unknown origin;
and (3) at least four additional symptoms, including mal-
aise after exertion, impaired memory and/or concentra-
tion, headache, unrefreshing sleep, tender lymph nodes
(cervical or axillary), sore throat, and muscle or joint
pain. The exclusion criteria, which included the existence
of a medical condition that could cause chronic fatigue
(such as autoimmune disease, psychosocial stress, or
cardiovascular disease), were based on Fukuda’s criteria
for diagnosing CFS [16]. The pre-test health condition
assessment comprised a clinical examination as well as a
basic psychological and neurological evaluation. Doctors
experienced in diagnosing CFS validated the inclusion
and exclusion criteria, ensured that thorough physical
examinations were performed, and ruled out chronic
comorbidities that could explain the primary symptoms.
Figure S1 shows the study flowchart. Patients for the IAP
study were recruited via advertisements on local and
national media, with initial screening of over 1400 volun-
teers leading to 69 individuals meeting inclusion criteria
following exclusion of neurological, neurodegenerative,
psychiatric, and immunologic disorders possibly explain-
ing primary symptoms. A total of 53 patients ultimately
participated in baseline measures and the intervention.

The WBC+SS study recruited 250 individuals self-
identifying as fatigued from January to July 2018. Patients
fulfilling Fukuda criteria were eligible if aged 25 to 65
years with fatigue lasting more than six months, with
fatigue severity quantified by Fatigue Severity Scale
scores and presence of associated symptoms. Inclusion
involved thorough pre-test assessments, including basic
neurological, psychiatric, and physical examinations by
specialists experienced in ME/CFS, who confirmed diag-
nostic criteria and excluded other organic causes. Anxi-
ety and depression screening was performed using the
Hospital Anxiety and Depression Scale (HADS) and Beck
Depression Inventory (BDI-II) to exclude major psychi-
atric illness at baseline. The healthy control group for the
current analysis was recruited separately with detailed
exclusion of comorbidities, lifestyle factors, and medica-
tion use to ensure comparability.

Data acquisition

Body composition analysis

A multi-frequency bioelectrical impedance analyzer
(Tanita MC-180MA Body Composition Analyzer, Tanita
UK Ltd.) was used to assess body composition, applying
a ‘normal’ body type algorithm. To reduce interference
from the skin’s lipid layer, hands and feet were cleaned
before measurement. Participants stood on the scale with
feet electrodes and held hand grips with arms extended.
Measured parameters included height, weight, fat-free
mass (FFM), and fat-free mass index (FFMI, calculated
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as FFM divided by height squared) [17]. Missing demo-
graphic data were imputed using subgroup medians (CFS
or healthy control, male or female).

Autonomic and cardiovascular measurements

Task Force Monitor (TFM, CNSystems, Medizintechnik,
Graz, Austria) is a specialized high-tech device used for
cardiovascular and autonomic measures. The primary
application of TFM is in the automated and calculated
analysis of heart rate (ECG), oscillometric blood pres-
sure readings (oscBP, contBP), and oscillometric heart
rate monitoring [18]. At rest, all parameters were auto-
matically measured five minutes after the signals sta-
bilized. TEM parameters were described previously in
detail [19]. Each patient was measured in a supine posi-
tion at complete rest. The median number of heartbeats
recorded during measurement was 166. The following
parameters were assessed: Heart rate [HR], systolic blood
pressure [sBP], diastolic blood pressure [dBP], mean
blood pressure [mBP], stroke volume [SV], stroke index
[SI], breathing frequency [BF], autonomic parameters:
low-frequency (LF), high-frequency (HF) of HR variabil-
ity [HRV], as well as signed differences in SV, sBP, dBP
based on the change of these values between subsequent
heartbeats. These variables are denoted as “differences”.
The stroke volume index (SV/FFM) was calculated as SV
divided by FEML

Data preprocessing and feature engineering

All data are presented as mean+SD or SE. Parametric
test assumptions were verified using the Shapiro-Wilk
test for normality, Levene’s test for homogeneity of vari-
ances, and visual inspection of histograms. Interaction
between group (CES vs. healthy controls [HC]) and sex
(male vs. female) was examined via two-way ANOVA.
Prior to this, the Shapiro-Wilk and Levene’s tests con-
firmed normality and equal variances; residual plots fur-
ther validated these assumptions.

Raw, beat-to-beat cardiovascular data collected via
the Task Force Monitor (TFM) underwent preprocess-
ing before use in classifiers. Outliers (>3 SD from the
mean) were replaced with the preceding row’s value
using the dplyr package [20]. Ectopic beats were manu-
ally removed. To reduce redundancy, highly correlated
variables were excluded, leaving 16 TFM parameters for
further analysis. Pandas and NumPy with Python 3.9
facilitated preprocessing and analysis [21-23].

Data were divided into training and testing sets, with
20% of subjects from each group allocated to the test sub-
set. Both sets were standardized via scaling. The training
set contained 36,624 rows; the test set 13,035 rows.

An exhaustive search over all 65,535 subsets of the
16 features was performed using itertools. Within
each fold of stratified 5-fold cross-validation, XGBoost
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(with  random_state=42, use_label_encoder = False,
tree_method="hist, eval_metric="auc, scale_pos_
weight =0.544, and device="cuda’) evaluated each subset.
The subset yielding the highest Matthews correlation
coefficient (MCC) was selected; final feature choice was
further guided by ROC AUC and domain expertise. This
nested procedure ensured no data leakage during feature
selection. The selected six predictors included breathing
frequency (BF), stroke volume index (SV/FFM), high-fre-
quency RR interval (HF RRI), heart rate signed difference
(HR difference), stroke volume signed difference (SV dif-
ference), and diastolic blood pressure signed difference
(dBP difference), with a binary target variable (CES vs.
HCQC).

Stratified 5-fold cross-validation for model training and
validation was applied. Importantly, all preprocessing
steps, such as feature scaling (StandardScaler) and out-
lier handling, were fit exclusively on the training partition
within each fold and then applied to validation and test
partitions. This procedure prevents data leakage. Trans-
former residuals (errors between predicted and true
labels) were calculated using out-of-fold predictions for
training folds only and incorporated as additional fea-
tures for the successive XGBoost classifier. For the test
set, Transformer residuals were generated without refer-
ence to true labels, adhering to strict separation between
training and testing phases.

Machine learning pipeline

Transformer model architecture

The Transformer included three attention heads with a
key dimension of six and residual connections [24]. Class
weights addressed the imbalance by weighting the under-
represented HC class more during training. Although no
true temporal sequence was modeled (t = 1), Rotary Posi-
tional Embedding was retained as a structured feature
transformation that enhances representational diversity
and regularizes learning through sinusoidal mixing of
input dimensions [25]. A Gated Recurrent Unit (GRU)
layer with 16 units and 0.01 dropout followed [26]. The
GRU layer, though not processing temporal sequences,
leveraged its gating architecture to perform adaptive fea-
ture selection and nonlinear integration, effectively func-
tioning as a trainable feature compressor that enhanced
signal-to-noise ratio. Outputs were flattened and passed
through two dense layers (8 and 2 units) using Leaky
ReLU activations (negative_slope = 0.1) with he_nor-
mal initialization [27]. The final single-unit output layer
applied sigmoid activation with glorot_normal initializa-
tion (see Figure S2) [28].

The model was compiled with the AdamW optimizer
(learning rate=0.00002), binary cross-entropy loss, and
metrics including TP, TN, FP, and FN. Early stopping and
learning rate reduction callbacks prevented overfitting
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and adjusted learning rates dynamically. The Transformer
was trained on preprocessed data with class weights.

Although Transformers are typically used for sequen-
tial data, in this implementation each heartbeat was pro-
cessed independently. The attention mechanism thus
operated across input features rather than time steps,
and positional encoding was included for architectural
consistency but had no temporal meaning. Sequences
shorter than the set window length are padded via zero
filling to maintain a consistent input size. Although the
architecture includes components typical of sequential
models (e.g., Rotary Encoding, GRU), each heartbeat was
processed independently (timesteps = 1), so the model
effectively functions as a feature transformer rather than
a true time-series learner. No truncation beyond fixed-
window processing was applied. A sequential machine
learning pipeline was implemented to differentiate CFS
patients from HC using beat-to-beat autonomic mea-
surements. The pipeline first employed a Transformer
neural network trained on standardized physiological
features, followed by an XGBoost classifier that incorpo-
rated both the original features and residuals (i.e., signed
classification errors: r;=y,~,""*" derived from the Trans-
former’s out-of-fold predictions. To prevent data leakage,
subject-level stratified splitting was used: 20% of partici-
pants were held out as a final test set, while the remaining
80% underwent 5-fold cross-validation. Within each fold,
the Transformer was trained on 4/5 of the subjects, and
its binary predictions on the held-out validation fold were
used to compute residuals, which were then appended as
an additional feature exclusively for training XGBoost on
that same validation fold, ensuring residuals were never
derived from data used in Transformer training. All pre-
processing steps, including feature scaling with Standard-
Scaler, were fit only on training data within each fold and
applied to validation and test sets. For the final test set
evaluation, Transformer residuals were computed using
the fully retrained Transformer model and the known
true labels. —During test evaluation, Transformer residu-
als were generated via the final Transformer model with-
out accessing true test labels and combined with original
features for XGBoost prediction. This approach lever-
ages the Transformer’s capacity to learn complex, non-
linear representations of high-dimensional physiological
features, while XGBoost capitalizes on those represen-
tations, particularly by focusing on instances where the
Transformer’s predictions deviate from the true labels, to
refine classification through powerful gradient-boosted
decision rules. This sequential combination enhances
overall robustness and accuracy (Figure S3) [29].

XGBoost classifier and sequential learning
XGBoost classified positive instances (CFS beat-to-
beat cardiovascular and body composition data plus
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Transformer errors) against negatives (HC) [30] based on
6 physiological predictors (BF, SV/FFM, HF RRI, HR dif-
ference, SV difference, dBP difference.) and Transformer
errors” as the 7th input. Key parameters were: objective =
binary: logistic, random_state = 42, tree_method = hist,
eval_metric = auc, and scale_pos_weight adjusted for
class imbalance. XGBoost was chosen for robust package
support, interpretability, and computational efficiency.

Grid search optimized hyperparameters as: grow_pol-
icy = depthwise, reg_lambda = 1.0, alpha = 0.5, subsample
= 0.9, colsample_bytree = 0.7, max_depth = 11, n_estima-
tors = 100, min_child_weight = 9, max_bin = 512, gamma
=0.1, eta = 0.28 [30].

Ensemble learner diagnostics

To assess model reliability and potential data leakage, we
performed a comprehensive diagnostic evaluation of our
two-stage architecture (Transformer and XGBoost). We
evaluated the informativeness and validity of error fea-
ture based on Transformer output passed to XGBoost
as an additional feature using three complementary
approaches: (1) a permutation test, where the error fea-
ture was randomly shuffled to assess its contribution to
predictive performance; (2) an ablation study, comparing
XGBoost performance with and without the error fea-
ture; and (3) an analysis of error distribution and correla-
tion with true labels, including point-biserial correlation.
All diagnostics were conducted on an independent vali-
dation set with strict subject-wise separation to preserve
data integrity.

Model evaluation and interpretability

Because clinical diagnosis occurs at the patient (subject)
level, not at the individual heartbeat level, all primary
performance metrics are reported at the subject level.
Beat-level metrics are provided in the Supplementary
Material for completeness but do not reflect diagnostic
utility. For each subject, beat-level predicted probabili-
ties from the model were averaged across all heartbeats
to produce a single subject-level probability. A threshold
of 0.5 was applied to assign the final binary classifica-
tion (CFS vs. HC). Evaluation metrics included confu-
sion matrix statistics, AUC, accuracy, precision, recall,
F1, and Matthews correlation coefficient (MCC) [31].
The subject-level classification metrics (AUC, accuracy,
MCC) and their confidence intervals were calculated
using a bootstrap resampling approach. Initially, beat-
level predictions from the Transformer and XGBoost
models were aggregated to the subject-level by averag-
ing the predicted probabilities for each unique subject
ID. Subsequently, 2000 bootstrap samples were gener-
ated by resampling the aggregated subject-level data
with replacement. For each bootstrap iteration, the AUC,
Accuracy, and MCC were calculated using the resampled
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subject-level predictions and their corresponding true
labels. The 95% confidence intervals for each metric were
then determined by taking the 2.5th and 97.5th percen-
tiles of the distribution of metrics obtained across all suc-
cessful bootstrap samples, providing an estimate of the
uncertainty around the point estimates derived from the
original aggregated subject-level data. Global interpret-
ability was achieved through SHapley Additive exPlana-
tions (SHAP) values, and tree visualization was used with
Dtreeviz [32, 33].

Results

Population characteristics

A comparison of clinical and demographic data between
CES patients and healthy controls is shown in Table SI.
HC participants were characterized by a lower percent-
age of adipose tissue (20.8+9.9 vs. 25.7+7.2, p<0.001)
and visceral fat level in comparison to CFS patients
(4.1+3.4 units vs. 5.0+2.8, p=0.03) (Table S1). Body
composition data were missing for 10 CFS patients and 2
HCs. Missing body composition data were imputed using
the mean value for each sex and group. Missing visceral
fat data were imputed using the median value. From 112
CFS patients, there were 75 females (67%), and from 61
HC, 42 patients were females (69%). Table S2 shows a
comparison between CFS patients and healthy controls in
relation to participants’ sex. On average, females weighed
less than males, had lower free fat mass and bone mass
in kilograms, and had higher adipose tissue percentage
(all comparisons p (Bonferroni-corrected)<0.001). In
addition, females from the CFS group had a higher adi-
pose tissue percentage than HC females (p (Bonferroni-
corrected) <0.001) (Table S2). Most of the cohort of
patients (84%) suffered from PEM (Figure S4, panel A).
92% suffered from brain fog (Figure S4, panel A). 17% of
the examined CFS patient cohort had 5, 36% had 6, 21%
had 7, and 13% had 8 symptoms (Figure S4, panel B).
The mean CFS symptom duration was 4.6 years (range
from 0.5 to 20 years of duration). There were no severe,
bed- or house-bound patients in this cohort, as we could
not afford a team that would do an in-bed examination;
therefore, all patients had to go to our research centre.

Table 1 Between-group comparison of values of features
that serve as predictors in applied transformer and XGBoost
sequential learning classifiers

Features CFS HC p-value
Mean+SD Mean+SD
HR difference [bpm] 0+4.0 0+4.0 0.44
SV/FFM [ml/kg] 1.8+05 1.9+0.5 <0.001
BF [breaths/min] 153+55 155+56 017
HF RRI [ms?] 5504+954.1 681.7+£1020.7 <0.001
SV difference [ml] 0+£3.0 0+£3.1 0.39
dBP difference [mmHg] 0+2 0+22 0.65
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Model performance

Using the Kendall rank correlation coefficient, a corre-
lation heatmap between the target and features was ini-
tially assessed for their applicability as predictors of the
subject group. Based on physiological and mathematical
redundancy, a set of 6 features were selected: breath-
ing frequency (BF) (measured as breaths per minute
[breaths/min]), SV/FFM [ml/kg], which is stroke volume
(SV) measured in milliliters [ml] divided by free-fat mass,
high-frequency R-R interval (HF RRI) [ms?], heart rate
(HR) difference, SV difference, and diastolic blood pres-
sure (dBP) difference were calculated based on the dif-
ference between subsequent heartbeats (HR difference
[bpm], SV difference [ml], dBP difference [mmHg]). Fig-
ure S5 shows a correlation heatmap between the target
and features included in the training and test datasets. No
highly correlated features with the target (subject groups
CFS vs. HC as a predicted variable) were observed.
The study cohort consisted of 112 CFS patients and 61
healthy controls (HCs), leading to a slight imbalance. This
imbalance was maintained in the validation and training
sets (80% of the total CFS and HC sample) and the test
set (20% of the total CFS and HC sample, specifically 22
CES patients and 12 HCs). Consequently, this unequal
representation could influence the prediction accuracy
for CFS versus HC categories.

Feature values used in the machine learning pipeline to
classify CFS vs. HC were compared using different tests.
SV/FEM and HF RRI were significantly higher in the HC
than in the CFS group (both p-values<0.001) (Table 1).
Figure S6 shows histograms of analyzed features (predic-
tors) in both the CFS and control groups. Despite statis-
tically significant between-group differences in the two
features, no substantial differences in value distribution
between HC and CFS patients in those predictors were
noted (Figure S6). Therefore, we applied a potentially
more sensitive deep learning model to the data.

This study introduces a novel approach combining a
deep learning model (Transformer neural net) with a
shallow learning model (tree-based eXtreme Gradient
Boosting, XGBoost). The performance of this combined
model was compared to that of the individual XGBoost
and Transformer models. Specifically, the Transformer
was initially applied, and subsequently, XGBoost was
trained as a classifier to learn from the Transformer’s
errors (Figure S3). The process involved three stages:
training, validation, and testing. First, the Transformer,
XGBoost, and the combined Transformer and XGBoost
models were trained using beat-to-beat data from 60%
of the CFS and HC participants. Next, the validity of
each model was assessed using a 5-fold stratified vali-
dation on 20% of the total CFS and HC participants.
Finally, the subject-level performance of all three classi-
fiers was evaluated on a separate, hold-out test set (20%
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of the participants), with results summarized in Table 2.
Notably, the combined Transformer and XGBoost model
achieved a subject-level Matthews Correlation Coeffi-
cient (MCC) of 0.79, an accuracy of 0.89, and a Receiver
Operating Characteristic Area Under the Curve (ROC
AUC) score of 1 (Table 2). In addition, it substantially
outperforms Transformer or XGBoost applied on beat-
level metrics (Table S3). The mean MCC across cross-
validation folds during nested feature selection was 0.58
ranged from 0.56 to 0.6. Because predictions are averaged
across all heartbeats per subject, Figure S7 shows subject-
level ROC curves plot reflect clinically relevant, patient-
level classification rather than beat-level accuracy.
Performance of Transformer, XGBoost, and an ensem-
ble of Transformer and XGBoost models is better than
the reference (Figure S7). The Decision Curve Analysis
(DCA) plot evaluates the clinical utility of the same mod-
els by estimating their Net Benefit across a range of clini-
cally plausible risk thresholds (Figure S8). An XGBoost
classifier and an ensemble of Transformer and XGBoost
could be considered clinically useful, because their Net
Benefit exceeds both benchmarks (diagnosing none and
all as CFS patients), indicating that using their predic-
tions leads to better outcomes than default strategies.
The subject-level confusion matrix (Table S6) visu-
alizes the diagnostic performance of the Transformer
and XGBoost ensemble model at the clinically relevant
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Table 2 Subject-level metrics with 95% confidence interval (Cl)
Metric

Point estimate Point estimate  Point estimate

Transformer (95% XGBoost (95%  Transformer
Cl) q) and XGBoost
(95% ClI)
AUC 0.77 (0.60-0.92) 0.99 (0.97-1) 1(0.98-1)
Accuracy 0.46 (0.29-0.63) 0.91(0.83-1) 0.89(0.77-0.97)
MCC 0.26 (0.12-0.40) 0.83 (0.66-1) 0.79(0.61-0.94)

ROC AUC-Receiver Operating Characteristic Area Under the Curve, MCC-
Matthews Correlation Coefficient

patient level, showing that all 12 healthy controls were
correctly classified (100% specificity; O false positives),
while 14 of 23 CFS patients were correctly identified as
cases (61% sensitivity), with 9 false negatives. A con-
fusion matrix for the Transformer and XGBoost clas-
sifier on beat-level data is shown in Fig. 1. A confusion
matrix for the Transformer and XGBoost classifier on
beat-level data is shown in Figure S9. Subject-level con-
fusion matrix for the Transformer model is presented in
Table S4, for XGBoost in Table S5. Leakage diagnostics
confirmed that the Transformer error feature was highly
informative but not indicative of data leakage. Permuting
the error feature reduced XGBoost accuracy from 99.55%
to 61.05% (A = 38.5%), demonstrating its strong predictive
contribution. Ablation analysis showed that including the
error feature improved accuracy by 4.21% (from 95.34%
to 99.55%). The error feature exhibited a moderate but
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Fig. 1 Transformer and XGBoost sequential learning classifier confusion matrix based on beat-level data
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Fig. 2 SHapley Additive exPlanations (SHAP) values for the applied classifier predicting being classified as CFS patients. Transformer errors are values
calculated based on errors related to the prediction of a Transformer model, based on which XGBoost classifier was learning, breathing frequency (BF)
(measured as breaths per minute [breaths/min]), stroke volume index (SV/FFM) which is stroke volume (SV) measured in milliliters [ml] divided by free-fat mass
(FFM), high-frequency R-R interval (HF RRI) [ms?]. Heart rate (HR) difference, SV difference, and diastolic blood pressure (dB) difference were calculated based on the
difference between subsequent heartbeats (HR difference [bpm], SV difference [ml], dBP difference [mmHg])

significant point-biserial correlation with the true label
(r=0.605, p<0.001), and error distributions differed sys-
tematically between classes, indicating that the Trans-
former made class-dependent mistakes rather than
random errors. Collectively, it was concluded that these
results confirm that the error feature captures meaning-
ful, non-leaky signal related to model uncertainty.

Key predictive features and model interpretability

To enhance model transparency, we employed explain-
able artificial intelligence (XAI) techniques. Specifically,
SHapley Additive exPlanations (SHAP) values were uti-
lized to explain why the model made particular predic-
tions for the predictors in both the CFS and HC groups.
These values quantify each predictor’s contribution (each
ANS parameter), providing detailed insights into individ-
ual predictions rather than offering a single global mea-
sure of feature importance. This means that SHAP values
reveal the specific reasons behind a model’s prediction for
each data point (that is, the ANS parameter value from
each heartbeat). Figure 2 shows the SHAP values for the
classifier that predicts whether a patient has CFS based
on single values from beat-to-beat measurements. In the
figure, the features are ranked in descending order based
on their importance, with the most influential predictors
at the top. According to the ranking, the most important
predictors are, in order: transformer model errors, SV/

FFM, HF RRI, BF, the difference in SV, the difference in
HR, and the difference in dBP. Specifically, higher trans-
former model errors (displayed as red dots) are linked
to an increased probability of being classified as CFS. In
addition, lower differences in HR (a larger decrease in
HR, i.e., more beat-to-beat heart decelerations) and raw
values of HF RRI, which are shown with blue dots and
indicate reduced cardiac vagal tone and higher differ-
ences in dBP (shown with red dots, i.e., more consecutive
beats, in which dBP raised from beat to beat), are associ-
ated with a higher likelihood of CFS classification. Finally,
low to reduced beat-to-beat changes (i.e., variability in
SV, denoted as blue dots in SV difference), and low SV/
FFM values (indicating less effective cardiac hemody-
namics) also contribute to the CFS classification, while
the association between BF and classification remains
less defined.

Discussion

In this study, we applied an automated machine learn-
ing (ML)/artificial intelligence (AI) pipeline incorpo-
rating automated feature engineering, which included
feature extraction, feature selection, and automatic tun-
ing. Using a classifier composed of Transformer and
XGBoost in a Sequential Learning framework, the model
achieved strong subject-based results: a Matthews cor-
relation coefficient (MCC) of 0.79, accuracy of 0.89, and
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ROC AUC of 1. An AUC ROC of 1 indicates perfect dis-
crimination between beat-to-beat autonomic nervous
system (ANS) data from chronic fatigue syndrome (CES)
patients versus healthy controls [34]. The accuracy indi-
cates 89% of predictions were correct, but caution is war-
ranted due to data imbalance: twice as many CFS patients
as healthy controls, which may affect performance. The
high-resolution time-series nature meant each subject
generated hundreds of rows.

The model was trained, validated, and evaluated on this
data, predicting features derived from single heartbeats
and assessed on beat-level and subject-level data. The
subject-level confusion matrix for the final Transformer
and XGBoost sequential learning ensemble reveals a
highly specific but moderately sensitive diagnostic per-
formance in distinguishing CFS from HCs. Out of 12
healthy controls, all were correctly classified as non-
CES (12 true negatives, 0 false positives), yielding 100%
specificity. It is a critical strength for a diagnostic tool, as
it ensures no healthy individual is mislabeled as having
CFS, thereby avoiding unnecessary psychological burden,
further invasive testing, or inappropriate interventions.
Among the 23 CFES patients in the test set, 14 were cor-
rectly identified (true positives), while 9 were misclassi-
fied as healthy (false negatives), resulting in a sensitivity
of approximately 61%. This indicates that while the model
is exceptionally reliable at confirming the absence of CFS,
it misses a non-trivial subset of actual CFS cases, poten-
tially those with milder autonomic dysfunction or atypi-
cal physiological profiles. The MCC of 0.79 highlights
robust performance across all confusion matrix metrics,
signifying effective classification of CFS versus healthy
states [35]. This approach compares favorably to previ-
ous CFS diagnostic methods [36]. We propose further
research integrating big data sequential learning, com-
bining tree-based models and neural networks across
multi-systemic and cognitive biomarkers to improve sen-
sitivity and specificity.

In the current study, to enhance model transparency,
we employed explainable artificial intelligence (XAI)
techniques. Specifically, we used SHapley Additive exPla-
nations (SHAP) to quantify the contribution of each
input feature to the model’s predictions, allowing us to
identify which cardiovascular parameters most strongly
influenced the classification of CFS versus healthy con-
trols. This global interpretability supports clinical insight
and trust in the model’s decisions.

Higher-magnitude heart rate (HR) decelerations,
observed more frequently in CFS, indicate pronounced
parasympathetic (vagal) bursts modulating cardiac
rhythm. In contrast, healthy controls exhibit more
accelerations. These large decelerations in CFS reflect
hypersensitive or dysregulated vagal control, consistent
with autonomic imbalance studies in CFS showing both
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sympathetic overactivity and parasympathetic irregu-
larities [7, 37]. Reduced cardiac vagal tone, evidenced by
decreased absolute values and diminished beat-to-beat
differences in high-frequency RR intervals (HF RRI),
further confirms diminished parasympathetic regula-
tion. Lower HF RRI and heart rate variability (HRV) have
been documented as characteristic markers of CFS, with
meta-analyses showing reductions in high-frequency
HRV components at rest and during stress testing [7].
These changes indicate weakened autonomic flexibility
and reduced cardiac adaptability [37]. Additionally, the
increased frequency of beat-to-beat increases in dia-
stolic blood pressure (dBP) suggests heightened sympa-
thetic vasoconstrictor activity or baroreflex dysfunction,
both of which have been reported in multiple studies on
CFS cardiovascular pathology. This is consistent with the
sympatho-excitatory dominance seen in CFS patients
and likely relates to, or is a maladaptive consequence
of, altered blood pressure regulation and hemodynamic
instability [38]. Impaired venous compliance and hypo-
volemia (low blood volume) are key factors reducing
preload, the amount of blood entering the heart during
diastole. Since stroke volume (SV) variability depends on
the heart’s dynamic capacity to adjust SV in response to
changes in venous return and autonomic inputs, limited
preload reduces SV variability. Reduced blood volume
decreases the stretch on cardiac muscle fibers (sarcomere
length), weakening the Frank-Starling mechanism, which
normally boosts SV in response to increased filling. Con-
sequently, in CFS patients, the heart operates on a lower,
flatter part of the Frank-Starling curve, limiting beat-
to-beat SV fluctuations [39]. Autonomic dysfunction,
including disrupted sympathetic and parasympathetic
balance, may aggravate this by impairing vascular tone
regulation and baroreflex sensitivity, further compromis-
ing venous return and cardiac filling. Additionally, car-
diac bioenergetic impairments could reduce myocardial
contractility, limiting SV responsiveness [40]. This dimin-
ished SV variability reflects hemodynamic inefficiency.
Further studies should examine whether this contrib-
utes to symptoms like orthostatic intolerance, exercise
intolerance, and fatigue by restricting the cardiovascular
system’s ability to dynamically respond to physiological
demands and maintain adequate oxygen delivery during
activity. A lower stroke volume index (SV/FFM), defined
as stroke volume divided by fat-free mass (FFM), was
associated with a higher likelihood of CFS classification.
This aligns with previous findings of a 10.2% reduction in
stroke volume in CFS patients [41]. Additionally, dimin-
ished end-diastolic volume, cardiac output, stroke index,
and cardiac index have been reported in this population
[42-44]. Indexing stroke volume to FFM rather than
total body mass better reflects oxygen delivery to meta-
bolically active tissues, providing clinical advantages by
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aligning with the body’s metabolic demands [45]— [46].
The reduced SV/FFM in CES may reflect impaired pre-
load due to hypovolemia, autonomic dysfunction limit-
ing ventricular filling, or intrinsic myocardial inefficiency.
These factors might collectively compromise the heart’s
ability to meet the metabolic demands of active tissues.
This pathophysiological pattern aligns with the exercise
intolerance and post-exertional malaise characteristic of
CEFS, suggesting that SV/FFM serves not only as a hemo-
dynamic marker but also as an indicator of the bioener-
getic deficit in this condition.

An increased magnitude of HR decelerations, reduced
cardiac vagal tone (HF RRI), increased sympathetic dBP
variability, and lowered SV variability and SV/FFM por-
tray a complex interplay of overactive, irregular parasym-
pathetic bursts and sympathetic dominance combined
with cardiac mechanical impairment. This constellation
underpins the autonomic-cardiac dysregulation defining
CES physiology, supporting prior findings from compre-
hensive meta-analyses and mechanistic studies address-
ing the autonomic nervous system and cardiovascular
involvement in CFS [7]. What is novel is that this con-
stellation of parameter values might indicate disruption
of the baroreceptor reflex in CFS patients. Typically, a
change in blood pressure is accompanied by a consecu-
tive change in heart rate and/or stroke volume. In this
study, despite higher beat-to-beat fluctuations in diastolic
blood pressure, diminished heart rate and stroke volume
responses were noted in CFS patients.

Although respiratory sinus arrhythmia is reduced in
CFS, respiratory mechanics or thoracic pressure changes
may influence stroke volume dynamics; however, no clear
link between breathing frequency and CFS classification
was found. Therefore, consistent with other authors, the
lower cardiac volume in CFS is unlikely to indicate clas-
sical cardiovascular disease [47]. Reduced SV/FFM may
relate to lower cardiac contractility or preload, but we
hypothesize hypovolemia as the primary correlate rather
than impaired contractility. Further studies are needed to
confirm this, with the ongoing SIMPLE study investigat-
ing saline infusion treatment [48].

In summary, CFS patients likely exhibit decreased vagal
cardiac input and baroreceptor reflex function, alongside
increased sympathetic vascular outflow. These findings
may improve diagnostic criteria by combining exclu-
sionary factors with objective inclusion criteria, such as
autonomic nervous system dysfunction, standardized
cognitive testing, and cardiopulmonary exercise test-
ing to confirm post-exertional malaise [49]. Al classi-
fiers analyzing beat-to-beat autonomic nervous system
data could become valuable diagnostic tools, facilitating
patient access to necessary support, including financial
assistance.
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Study strengths and limitations

This is the first extensive ML/AI pipeline study apply-
ing automated feature engineering, including extraction,
selection, and tuning to improve CFS diagnostics. We
incorporated multiple classification metrics, including
MCC, which better accounts for class imbalance com-
pared to accuracy alone [50]. The use of SHAP enabled
the identification of key predictors and their relationship
to outcomes, enhancing interpretability.

Limitations include moderate class imbalance (112
CFS patients vs. 61 controls), preserved in training and
testing. While imbalanced data remains challenging
in ML, this ratio is modest relative to common highly
skewed datasets (1:100 to 1:10,000) [51]. To address the
class imbalance (112 CFES vs. 61 controls), we imple-
mented algorithmically informed class weighting strat-
egies. Specifically, the scale_pos_weight parameter in
the XGBoost classifier was tuned to emphasize minor-
ity class examples. Additionally, corresponding class
weights were applied during Transformer training. These
approaches mitigate bias against the underrepresented
class. Future studies could explore synthetic oversam-
pling methods, ensemble learning, or focal loss func-
tions as complementary techniques to further enhance
model robustness. Although the sample size (n = 112) is
relatively small for ML, it is substantial for CFS research.
Tabular data remains challenging for deep learning, with
gradient-boosted trees still the industry standard [52].
Larger datasets generally improve performance, under-
scoring the need for clinical data sharing nationwide
[53]. In addition, there are multiple methods and effec-
tors that should be measured in rest and in response to
stressor(s) to give an overall picture of ANS dysfunction
of ME/CES [54]. Therefore, further studies should extend
methods beyond focusing on cardiovascular function as
a sole representation of ANS function. In addition, add-
ing non-standard indicators of the cardiovascular sys-
tem, as SV normalized by FEM in the feature engineering
process, might limit the generalizability of the obtained
results [54]. Recent computational physiology studies
have adopted more robust features to reflect dynamic
fluctuations. For instance, Chen et al. applied corrected
amplitude envelope correlation across multiple features
representing time series [55]. The methods used for pre-
processing the RR interval data, specifically the replace-
ment of outliers exceeding 3 standard deviations with
the preceding value and the manual removal of ectopic
beats, carry a potential risk of introducing artifacts into
the signal. As highlighted by Liu et al. [56], signal prepro-
cessing steps, including data replacement and interpola-
tion, can significantly alter the features of interest if not
carefully controlled, potentially impacting the integrity
of the derived physiological parameters. Future work
should consider employing more robust outlier detection
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and replacement strategies, potentially validated against
physiological models or alternative preprocessing pipe-
lines, to minimize this risk.

While signed mean differences of heart rate (HR differ-
ence), stroke volume (SV difference), and diastolic blood
pressure (dBP difference) were used as features in the
present model, future studies should explore employing
absolute differences, root mean square of successive dif-
ferences (RMSSD), or standard deviation-based metrics,
which capture beat-to-beat variability more robustly. This
advancement aims to enhance the physiological inter-
pretability and clinical relevance of dynamic autonomic
fluctuations. We did not apply parameters that are point
parameters based on larger time window frames. All
parameters used were based on raw beat-to-beat data to
not decrease the amount of potential information that
would serve as input to classifiers.

The single-center retrospective design limits generaliz-
ability; future multi-center validation, including COVID-
19-related CEFS cases, is needed. This study represents a
secondary analysis of prospectively collected baseline
data from two intervention studies (IAP and WBC +SS)
conducted at a single center. The single-center nature and
exclusion of post-COVID-19 CES patients may limit the
generalizability of our findings. Future research should
aim for multi-center studies recruiting diverse popula-
tions, including post-viral fatigue syndromes to validate
and broaden the applicability of the proposed AI pipe-
line. Recruitment of patients and controls followed rigor-
ous inclusion/exclusion criteria, including screening for
comorbidities, medication use, and lifestyle factors, to
minimize confounding and selection bias.

The input to the Transformer was a single time step
per patient, therefore ROPE did not encode real tem-
poral order. ROPE might acted as a structured feature
transformation that regularized learning, while the GRU,
though not processing a true sequence, provided richer
nonlinear feature interactions through its gating mecha-
nism. Those elements might enhanced the model’s rep-
resentational capacity, leading to improved performance,
not through temporal modeling, but rather via better
feature representation and implicit regularization on
tabular data. The Transformer-XGBoost ensemble lever-
aged complementary strengths: Transformers captured
complex non-linear patterns, while XGBoost mitigated
overfitting and aided interpretability. Sequential learn-
ing, where XGBoost learns from Transformer errors,
enhanced classification but added complexity, requir-
ing careful tuning. Ablation studies confirmed that this
design improved generalization without introducing data
leakage, as all error features were derived strictly from
in-sample (cross-validated) or post-hoc test predictions.
Implementing the proposed Al pipeline in clinical prac-
tice presents several challenges that must be carefully
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considered. The ‘Transformer error’ feature was defined
as the difference between true label and binary predic-
tion. During cross-validation, this was computed using
out-of-fold predictions; at test time, it was computed
using the held-out test labels. While this feature is not
available in real-world deployment, it serves as a proxy
for instance difficulty and enables controlled ablation to
assess the value of residual modeling. A deployable ver-
sion would replace this with an unsupervised uncertainty
estimate. The Task Force Monitor, required for continu-
ous beat-to-beat cardiovascular and autonomic mea-
surements, while highly effective and non-invasive, is
sophisticated and represents a significant capital invest-
ment, limiting its accessibility primarily to specialized
centers. Integration of this technology into routine diag-
nostic protocols would require infrastructural upgrades,
trained personnel, and workflow adjustments, which
may pose barriers in resource-limited settings. Never-
theless, increasing automation and decreasing costs of
monitoring technologies may improve accessibility over
time. Nevertheless, the reliance on Transformer residu-
als as a feature limits clinical applicability, as residuals
require knowledge of the true diagnosis. Future work will
replace residuals with uncertainty estimates or ensem-
ble disagreement metrics to enable real-world applica-
tion. Regarding confounding factors, the study cohort
was rigorously screened using clinical and neurological
evaluations to exclude participants with known medi-
cal conditions or treatments that could affect autonomic
function, thereby minimizing confounding due to medi-
cation use or subclinical comorbidities. However, resid-
ual confounding cannot be entirely excluded given the
complexity of the condition and heterogeneity of the
population. Future research should incorporate detailed
medication and comorbidity profiling to further eluci-
date their impact on autonomic biomarkers. Compared
to existing diagnostic methods for chronic fatigue syn-
drome, which predominantly rely on subjective clinical
criteria with variable sensitivity and specificity, this Al-
based approach offers objective, quantifiable measures of
autonomic nervous system dysfunction with promising
accuracy and robustness both on beat-level and subject-
level data. While blood-based biomarkers and cogni-
tive testing provide valuable complementary data, their
accessibility and standardization remain limited. Thus,
the AI pipeline utilizing beat-to-beat cardiovascular
measurements may provide a scalable, reproducible, and
sensitive adjunct for improving diagnosis, patient stratifi-
cation, and monitoring in clinical practice, once practical
and economic barriers are addressed.
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