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Abstract: Predicting pain in physical rehabilitation remains challenging due to the subjectivity
inherent in pain assessment and the high variability among patients. In addition, traditional self-
reported scales often introduce bias that complicates objective monitoring. Researchers have explored
physiological biomarkers such as heart rate variability (HRV) and photoplethysmography (PPG) for
pain assessment, combining these with artificial intelligence to enhance accuracy. Limited datasets
and significant inter-individual variability also restrict the practical application of these approaches.
This study evaluates the performance of linear regression and random forest models for pain
prediction using HRV and oxygenation data. The random forest model was evaluated in several
configurations, achieving a classification accuracy of 97.77% for detecting low pain levels. Other
configurations yielded overall accuracies of 60.65% and 76.64%, highlighting variations in
performance. Notably, the high accuracy in identifying low pain suggests that this approach can
reliably detect even mild discomfort at an early stage, which is essential for timely therapeutic
interventions. Future work should incorporate advanced models and expanded datasets for
improved generalizability.

Keywords: pain prediction; physiological data analysis; machine learning models

1. Introduction

Pain is a key factor in physical rehabilitation, affecting treatment adherence and patients' quality
of life [1]. Traditional pain assessment relies on self-reports measures, which can introduce variability
and bias that complicates objective quantification in diverse clinical contexts [2].

Recent research has focused on methods based on physiological data to address this issue.
Biomarkers such as HRV, PPG, and other biomedical signals have shown potential correlations with
pain perception, thus enabling a more automated approach to pain detection and management [3].

The integration of artificial intelligence techniques has facilitated the development of predictive
models capable of identifying patterns in physiological data. These models are especially relevant in
rehabilitation, where assistive devices (e.g. robotic exoskeletons and automated orthotic systems) can
use physiological feedback to improve therapeutic outcomes. The rise of telerehabilitation also opens
new opportunities for integrating Al-driven pain assessment into remote therapy, allowing
continuous monitoring and personalized treatment adjustments. For instance, systems like MoveLeg
[4] have been designed to enhance mobility in patients with musculoskeletal disorders, serving as a
reference for incorporating these technologies in both in-person and remote rehabilitation.
Nevertheless, applying these models clinically remains challenging due to the need for large, labeled
datasets and the variability in pain perception among individuals [5].
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This study empirically compares traditional predictive models (specifically linear regression and
random forest) with the goal of assessing their effectiveness in pain prediction and exploring their
clinical feasibility.

2. Related Works

A recent literature review [19] examined data analysis methods for pain prediction in physical
rehabilitation, focusing on physiological signals combined with machine learning and artificial
intelligence techniques. This review discussed various approaches using signals such as HRYV,
electrocardiography, and photoplethysmography, and analyzed their effectiveness in predicting pain
outcomes as well as their clinical implications.

The filtering process involved several stages: title screening, abstract assessment, and full-text
review. Only studies employing physiological monitoring and machine learning techniques for pain
assessment were included. The extracted data were analyzed to compare methodological approaches,
signal-processing techniques, and the performance of predictive models.

This review categorizes the literature into key areas, which are discussed in the following
subsections along with recommendations for future research.

2.1. Pain Monitoring Methods

Researchers have explored several physiological signals as indicators for pain monitoring in
physical rehabilitation. Heart rate variability (HRV), photoplethysmography (PPG), and
electrocardiography (ECG) are recognized as valuable markers for pain assessment [2,5]. Studies
indicate that HRYV is a reliable marker for evaluating musculoskeletal pain [9]. Moreover, combining
multiple signals can enhance the accuracy of pain assessment [10].

However, individual variability in these responses poses challenges. For example, although
changes in HRV correlate with autonomic responses to pain, their relation to pain intensity remains
inconclusive [1].

2.2. Pain Prediction Models

Advanced machine learning models have significantly improved pain prediction by extracting
patterns from physiological data. Common algorithms include:

e  Support Vector Machines (SVM): Widely used in pain state classification, with an average
accuracy of 80% [2,13,14].

e  Artificial Neural Networks (ANN): Achieved an accuracy of 74.19% in pain detection using EEG
signals [8].

e  Logistic Regression: Applied to combined PPG and HRV data, yielding a sensitivity of 60% and
specificity of 72% [2].

¢  Random Forest (RF) and Linear Discriminant Analysis (LDA): Employed in various studies with
performance dependent on the physiological signals analyzed [15,16].

2.3. Integration of Multiple Physiological Signals

Combining different physiological signals often improves pain prediction accuracy. For
example:

¢  Models integrating PPG and HRV have reached an AUC of 0.872 [2].

e The combination of heart rate (HR), respiratory rate (RR), and electromyography (EMG)
achieved accuracies up to 83.3% [10].

¢  EEG-based pain assessment with neural networks reported an accuracy of 74.19% [8].

¢  Methods combining HRV, PPG, and GSR demonstrated improved sensitivity and specificity
compared to single-signal approaches [3,13].
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2.4. Clinical Applications and Challenges

Implementing Al models in clinical settings faces several obstacles:

e Data quality and availability: Collecting physiological data is costly and requires extensive
preprocessing (e.g., normalization and labeling) to ensure reliable predictive modeling [1,2].

e  Model interpretability: Although deep learning models can be highly accurate, their lack of
explainability limits their use in clinical practice, where transparency is essential for medical
decision-making [2,5].

¢ Interindividual variability: Differences in physiological responses complicate the development
of universally applicable models, highlighting the need for adaptive techniques [3,10].

These factors underscore the importance of hybrid approaches that combine multiple signals
with interpretable models, thus enhancing clinical applicability.

2.5. Traditional Models as an Alternative

Previous studies have evaluated traditional machine learning models (such as linear regression
and random forest) as practical alternatives for pain prediction due to their advantages:

e  Lower data requirements: These models can be trained with smaller datasets, making them more
viable clinically.

e  Higher interpretability: They facilitate the identification of key physiological patterns related to
pain, aiding clinical decision-making [3].

e C(linical adaptability: Their ease of integration into existing medical monitoring systems
improves real-world applicability [2].

Nonetheless, significant gaps remain. Few studies have assessed pain prediction in real-world
rehabilitation scenarios, limiting the clinical relevance of current approaches. Moreover, while
traditional models reduce data needs and improve interpretability, their capacity to capture the
complexity of pain perception is still uncertain.

2.6. Future Research Directions

The review identifies several areas for future research in pain prediction for rehabilitation:

e Integration of new physiological signals: Incorporation of new physiological signals could
enhance model accuracy [10].

¢  Comprehensive multi-signal integration: More extensive combinations of signals are needed to
boost predictive accuracy and clinical relevance [17].

e Application of advanced machine learning models: Sophisticated algorithms (e.g., deep
learning) may further improve pain prediction in clinical contexts [5].

e Validation in real-world clinical environments: Testing model performance in actual
rehabilitation settings is necessary for practical applicability [1].

e  Larger sample sizes: Expanding datasets is crucial to generalize model findings [5,18].

Implementing these strategies could substantially improve the development of precise and
accessible pain monitoring tools for physical rehabilitation.

3. Methodology

3.1. Objective

This study aims to develop and evaluate predictive models for pain assessment in physical
rehabilitation by analyzing physiological signals such as heart rate variability (HRV) and oxygen
saturation. It seeks to identify patterns in these signals that correlate with pain perception, thus
facilitating automated pain monitoring in clinical settings.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2. Variables

The study focuses on the following key variables:

e  Self-reported pain intensity: Pain intensity was measured on a continuous scale from 1
(minimal pain) to 10 (maximum pain). For analysis, these values were grouped into three
categories: low pain (1-4), medium pain (4-7), and high pain (7-10).

e  Heart rate (BPM).

e  Heart rate variability (HRV).

e  Oxygen saturation (5pO»).

3.3. Instrumentation (Materials)

The following equipment was used for data collection:

e  Heart rate monitor: COOSPO HW807, a wearable arm strap for continuous HR and HRV
monitoring.

e  Oxygen saturation sensor: FS20F, a Bluetooth-enabled fingertip pulse oximeter for real-time
SpO; tracking.

e Data collection software: Custom Python scripts for real-time signal acquisition and processing.

e  Experimental protocol: A structured procedure was developed for this study to ensure
standardized data collection and participant compliance during rehabilitation sessions.

3.4. Operation

3.4.1. Preparation

The experimental setup was designed to capture data in a realistic clinical environment. To
achieve this, a continuous monitoring methodology was implemented, equipping patients with
physiological devices before, during, and after physical therapy sessions.

The study included 25 participants (14 men and 11 women) aged 20 to 50, selected based on
musculoskeletal conditions affecting the lower body. Participants with neurological or
cardiovascular disorders were excluded to ensure measurement accuracy. Ethical principles were
strictly followed, guaranteeing voluntary participation, data confidentiality, and risk minimization
[11,12]. Informed consent was obtained in accordance with established ethical standards.
Physiological data were recorded at different phases of the rehabilitation session, capturing both
physical exertion and fluctuations in pain perception.

A structured protocol was followed during the sessions:

1. Participant introduction: Participants received an overview of the study’s purpose and
procedure.

2. Device setup: The heart rate band and pulse oximeter were placed on each participant for
continuous monitoring.

3. Pain reporting instruction: Participants were instructed to report any pain verbally using a
numerical scale (0-10), where 0 indicates no pain, and 10 indicates the highest pain.

4. Session execution: Participants engaged in rehabilitation activities while their physiological data
were recorded.

5. Pain reporting: Participants reported their pain level during episodes or when discomfort was
evident.

6. Session completion: Time was allocated for participants to ask questions or express concerns
about the study.

3.4.2. Execution

During rehabilitation sessions, participants wore HR and SpO, sensors to ensure continuous
data collection. The adaptive approach to pain reporting (triggered by either a pain episode or visible
discomfort) provided a more precise correlation between physiological responses and perceived
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pain. Each session lasted between 15 and 40 minutes, depending on the patient's condition. Proper
sensor placement was ensured to avoid inaccuracies caused by movement or poor contact. Therapists
supervised sessions to verify the consistency of self-reported pain scores and offer guidance when
needed.

3.4.3. Data Collection

Physiological signals were logged every second to track variations throughout the rehabilitation
process. Recorded data included heart rate, HRV, oxygen saturation, and self-reported pain intensity
(using the Numerical Rating Scale [7]). Data acquisition was managed with custom Python scripts
for the COOSPO HW807 and an Android-based application for the FS20F sensor. Pain scores were
documented before, during, and after each session, providing structured data points. All signals were
time-synchronized to align physiological responses with pain reports, and the dataset was stored in
a relational database designed to enhance data consistency and facilitate predictive analysis.

3.4.4. Validation of Data

To ensure data quality and reliability, several preprocessing techniques were applied:

¢ Data normalization: Min-max scaling was used to standardize the range of physiological
variables.

e Handling missing values: Techniques such as linear interpolation, zero imputation, and
omission of incomplete records ensured data completeness.

e Noise filtering: Median and low-pass filters were applied to reduce artifacts from movement or
signal variability.

e  Exploratory analysis: Correlation studies (along with visual tools like histograms, scatter plots,
and heat maps) were conducted to identify significant relationships between physiological
variables and reported pain.

3.4.5. Predictive Models

To evaluate pain prediction in physical rehabilitation, two supervised learning approaches were
implemented:

e Linear Regression: Employed as a baseline to evaluate trends between physiological variables
and pain intensity. Although it is simple and interpretable, its ability to model complex
relationships is limited.

e Random Forest: A decision tree-based model that captures nonlinear relationships and is robust
to noise, making it suitable for physiological prediction.

Model performance was assessed using:

e Mean Absolute Error (MAE): The average difference between predicted and actual pain scores.

e  Coefficient of determination (R?): The proportion of pain variability explained by the model.

e  Confusion matrix: Used in classification tasks to analyze the distribution of true positives, false
positives, and false negatives.

4. Results and Discussion

Data exploration and correlation studies revealed that participants” pain intensity was mainly
concentrated in the low and moderate ranges, with fewer instances of severe pain. Physiological
variables such as heart rate and HRV displayed notable inter-individual variability, which
complicates the establishment of universal predictive patterns.

Correlation analysis between physiological signals and self-reported pain levels yielded weak
associations. For instance, heart rate and HRV exhibited low correlation coefficients with pain scores,
suggesting that analyzing single variables in isolation may be insufficient. Oxygen saturation showed
a negative correlation with pain levels, although its predictive value remains uncertain. Figure 1
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presents heatmaps that illustrate these correlation coefficients, complementing the numerical data
summarized in Table 1.

Baseline Interpolated Data
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Figure 1. Heatmaps for different data variants.

Table 1. Summary of results: regression and classification models.

Low pain  Moderate-High

Model R? MAE RMSE .
accuracy pain accuracy
Linear regression ~ Low (0.1) High (3.4) - N/A N/A
Random forest
) . Very Low High o
(data imputed with (0.086) Low (0.297)  Low (0.948) (97.77%) Low (12.5%)
Zeros)
Random forest Moderate Moderate
High (1.4 .65%
(interpolated data) (0.26) (1.027) igh (1.463) Moderate (60.65%)
Random forest Moderate Moderate Moderate o
(removed data) (0.52) (0.93) (1.398) Moderate (76.64%)

Implementing linear regression as a baseline model revealed its limitations; Table 1 shows a
notably low R? and high MAE, underscoring its difficulty in generalizing across different
participants. In contrast, the random forest model captured nonlinear relationships more effectively.
Table 1 indicates that random forest yielded higher R? values and lower MAE, especially in
classification tasks for low pain detection. However, its performance varied with data configuration
and hyperparameter settings, and it misclassified moderate pain levels more frequently. This
variability suggests that further refinement in feature selection and model tuning is needed.

A key observation is the model’s higher accuracy in detecting low pain levels compared to
moderate or high pain. Table 1 highlights this trend, where classification accuracy for low pain states
is higher than for moderate and severe pain. This finding has clinical relevance, as early detection of
low pain can help in preemptive adjustments to rehabilitation protocols, potentially reducing the
likelihood of pain escalation. Identifying low pain states accurately in therapeutic settings allows
clinicians to intervene proactively, optimizing treatment plans and improving patient outcomes.
These observations, reinforced by the data trends in Figure 1 and Table 1, illustrate the clinical
importance of refining predictive models to improve overall performance.

Table 2 presents three representative cases that reflect the wider trends observed in our
participant group. Each case shows distinct baseline values for BPM and oxygen saturation under
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“No pain,” as well as non-linear changes when transitioning to moderate or severe pain levels.
Notably, some individuals display an increase in BPM at low to moderate pain intensities, whereas
others exhibit more erratic fluctuations, underscoring the inherent variability in pain perception.
These examples reinforce the notion that single-parameter analyses often fail to capture the full
complexity of pain dynamics, thereby supporting the use of multi-parameter and non-linear models
(e.g., random forest) to achieve more reliable pain prediction.

Table 2. Representative physiological parameters of patients at varying pain intensities.

Patients Pain intensity Mean BPM Mean RR intervals Mean oxygen level
No pain 71.5895 0.8092 96.2173
P1 5 74.75 0.8844 96.4166
8 70.6428 0.7961 95.5
No pain 71.7199 0.8187 96.1968
P 3 74.2 0.8154 97
5 70.24 0.8168 96.52
8 70.2857 0.7152 96
No pain 84.3372 0.7001 98.4497
P3 4 82 0.6726 97
5 84 0.6898 99
6 84 0.6894 99

thereby supporting the use of multi-parameter and non-linear models (e.g., random forest) to
achieve more reliable pain prediction.

Overall, the results emphasize the complexity of pain prediction and the benefits of nonlinear
modeling. While random forest outperformed linear regression, the findings in Table 1 indicate that
further improvements (such as optimized feature selection and the inclusion of additional
physiological markers) are necessary to achieve reliable predictive performance in clinical settings.

5. Conclusions

This study evaluated the feasibility of using physiological signals such as HRV and oxygen
saturation to predict pain levels in rehabilitation settings by comparing linear regression and random
forest models. Unlike many studies based on experimentally induced pain, this research used data
from real rehabilitation sessions, thereby reflecting actual clinical conditions.

The findings indicate that linear regression provides limited predictive capabilities due to its
inability to model complex relationships, whereas random forest demonstrates improved
performance by capturing nonlinear interactions.

Despite its superior predictive accuracy, the random forest model still faced challenges in
correctly classifying intermediate pain levels. It performed strongly for lower pain levels, but its
accuracy at moderate and high pain levels was less consistent, indicating a need for targeted
improvements such as refined feature selection and hyperparameter tuning.

This suggests that although traditional machine learning models offer valuable insights, their
predictive power is still limited by the inherently variable nature of pain perception. The study
highlights the need for further refinement, including optimizing feature selection and exploring
additional physiological parameters to enhance prediction accuracy. Moreover, refining classification
approaches, balancing data distribution, and exploring ensemble models could improve classification
performance for underrepresented pain levels.

Future research should focus on combining multiple models and expanding datasets with
diverse, real-world data. Validating these approaches in clinical environments is crucial to ensure
their practical applicability, and advanced methods like deep learning or hybrid models may further
improve accuracy in pain assessment.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

ANN Artificial Neural Network
BPM Beats Per Minute

ECG Electrocardiography

EMG Electromyography

GSR Galvanic Skin Response

HR Heart Rate

HRV Heart Rate Variability

LDA Linear Discriminant Analysis
MAE Mean Absolute Error

PPG Photoplethysmography

RF Random Forest

RMSE Root Mean Square Error

RR Respiratory Rate

R2 Coefficient of Determination
SpO, Peripheral Capillary Oxygen Saturation
SVM Support Vector Machine
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