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Objective measurements of pain and safe methods to alleviate it could revolutionize medicine. This 
study used functional near-infrared spectroscopy (fNIRS) and virtual reality (VR) to improve pain 
assessment and explore non-pharmacological pain relief in cancer patients. Using resting-state fNIRS 
(rs-fNIRS) data and multinomial logistic regression (MLR), we identified brain-based pain biomarkers 
and classified pain severity in cancer patients. Participants included healthy individuals who underwent 
rs-fNIRS recording without VR (Group A), cancer patients who underwent rs-fNIRS recording both 
before and after engaging in the Oceania relaxation program VR intervention (Group B), and cancer 
patients who underwent rs-fNIRS recording without VR (Group C). All participants wore a wireless 
fNIRS headcap for brain activity recording. Pain severity was self-reported by patients using the 
FACES Pain Scale-Revised (FPS-R). fNIRS data were analyzed with MLR, categorizing pain into no/
mild (0–4/10), moderate (5–7/10), and severe (8–10/10) levels. The MLR model classified pain severity 
in an unseen test group, selected using the leave-one-participant-out technique and repeated across 
all participants, achieving an accuracy of 74%. VR significantly reduced pain intensity (Wilcoxon 
signed-rank test, P < 0.001), with significant changes in brain functional connectivity patterns 
(P < 0.05). Additionally, 75.61% of patients experienced pain reductions exceeding the clinically 
relevant threshold of 30%. These findings underscore the potential of fNIRS for pain assessment and 
VR as a useful non-pharmacological intervention for cancer-related pain management, with broader 
implications for clinical pain management.

Uncontrolled pain substantially affects many cancer patients’ quality of life and treatment adherence1,2. An 
estimated 60–80% of cancer pain is not properly managed, with 40% of patients experiencing severe pain in 
the late stages of their lives3. This can lead to hopelessness, depression, anxiety, and increased suicide risk, with 
cancer patients having a doubled suicide rate compared with the general population4–6. The lack of objective 
pain assessment methods hinders balanced pain management, in which both analgesia and side effects must be 
considered7,8.

Prediction of perceived pain severity
The gold standard for assessing pain severity in cancer patients is represented by self-reported scales, such as 
the Brief Pain Inventory and the MD Anderson Symptom Inventory9,10 and questionnaire such as McGill Pain 
Questionnaire13. However, these methods, being subjective, may introduce bias, and certain patients, due to 
cognitive impairments or disabilities, might be unable to accurately use them11,12. Development of an objective 
pain assessment method is essential to improving pain management in cancer patients because this would enable 
clinicians to understand and manage pain more effectively and enable personalized pain management strategies.

Recent progress in neuroimaging, specifically functional near-infrared spectroscopy (fNIRS), combined with 
machine learning (ML), presents promising opportunities for investigating the neurophysiological aspects of 
pain and creating tools for assessing pain severity14. fNIRS is a non-invasive technique that measures changes 
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in cerebral blood oxygenation reflective of neural activity. The resting state is a natural condition characterized 
by the absence of overt perceptual input or behavioral output and is convenient to set up. Resting-state fNIRS 
(rs-fNIRS) reflects spontaneous, intrinsic brain activity and is therefore a fundamental framework for studying 
brain function15.

Currently, ML techniques are increasingly being applied to neuroimaging data to identify brain activity 
patterns associated with different health conditions16. Nevertheless, several studies combining fNIRS and ML 
for pain assessment have typically relied on induced pain stimuli (such as pressure or thermal tests) rather than 
assessment of naturally occurring pain in patients16–19. Hence, research in clinical settings is now needed to 
address this knowledge gap.

This study employed rs-fNIRS data and ML to link brain functional connectivity patterns with cancer-related 
pain severity and identify pain biomarkers for enhanced assessments during pain management.

Non-pharmacological pain management methods
Distraction, a popular non-pharmacologic approach for pain management, involves diverting attention from 
pain through engaging thoughts or activities20. Virtual reality (VR) may hold promise for distracting patients’ 
attention from pain21. However, further research is needed to comprehensively understand the underlying 
neurophysiological mechanisms. A dual aim of this study is to explore how VR program alleviate pain in cancer 
patients and to identify which brain regions show changes in functional connectivity with other regions due to 
VR.

Pain in the brain
The thalamus and limbic system, including the hippocampus and amygdala, play central roles in pain processing. 
The thalamus functions as a relay for sensory information, while the limbic system controls emotional and 
behavioral responses to pain22,23. Additionally, the cingulate cortex, insular cortex, primary and secondary 
somatosensory cortices, and prefrontal cortex play significant roles in the multidimensional experience of 
pain22–26. The cingulate cortex is implicated in the emotional aspects of pain, integrating affective responses27. 
The insular cortex contributes to the interoceptive awareness of pain, processing sensory information related to 
bodily states28. The primary somatosensory cortex is essential for the localization and discrimination of pain 
stimuli, while the secondary somatosensory cortex is involved in the integration of sensory modalities and the 
perception of pain intensity29. The prefrontal cortex plays a role in higher-order cognitive functions, including 
the modulation of pain perception through attention and emotional regulation30.

While rs-fNIRS is suitable for studying surface-level cortical activities, it has limited ability to probe deep 
structures due to the shallow penetration of near-infrared light31. fNIRS was chosen for this study due to its 
portability, non-invasiveness, and ability to measure hemodynamic responses, making it well-suited for assessing 
pain in a clinical setting. Compared to other brain mapping techniques, fNIRS offers unique advantages:

•	 While electroencephalogram (EEG)32 also provides portable and non-invasive measurements, it captures 
electrical activity rather than hemodynamic changes, which limits its ability to assess vascular components 
of pain processing.

•	 Techniques such as functional magnetic resonance imaging (fMRI)33, positron emission tomography (PET)34, 
and magnetoencephalography (MEG)35 provide higher spatial resolution or molecular understandings but 
are costly, less accessible, and not practical for bedside or continuous monitoring.

The prefrontal cortex, superior frontal gyrus, and left/right parietal cortices, accessible to fNIRS, play crucial 
roles in pain processing36,37. The prefrontal cortex handles the cognitive appraisal of pain, the superior frontal 
gyrus contributes to the emotional and cognitive aspects of pain, and the parietal cortex processes sensory 
information of pain. The connectivity between these brain regions is vital for integrating sensory, cognitive, and 
emotional aspects of pain processing, while effective communication indicates efficient pain signal processing 
and response formulation38,39. Disruptions in this connectivity can lead to altered pain perception and responses.

Materials and methods
This study was conducted in accordance with relevant guidelines and regulations and was approved by the 
Roswell Park Comprehensive Cancer Center’s Institutional Review Board (Roswell Park; IRB number: 1720121; 
PI: Somayeh B Shafiei; date of approval: October 17, 2021). Informed consent was obtained from all participants 
and/or their legal guardian(s). Healthy participants from the Roswell Park employees participated in group A. 
Cancer patients from the Roswell Park outpatient pain clinic participated in groups B and C.

System setup time varied, with up to 10 min used for participants with thick, dark hair, and less time used for 
those with light or thin hair; only about 1 min was needed for bald or white-haired individuals.

In Group A, healthy participants wore fNIRS headcaps for 10 min of rs-fNIRS recording. In Group B, pain-
afflicted cancer patients wore headcaps for 29  min (10  min before VR, 9  min during the VR program, and 
10 min after VR). The fNIRS system remained in place after the initial rs-fNIRS recording during the VR session, 
enabling an immediate transition to the second rs-fNIRS recording following the session. In Group C, pain-
afflicted cancer patients wore headcaps for 10 min of rs-fNIRS recording.

FACES pain Scale-Revised (FPS-R)
Pain severity in cancer patients in Group C was measured using the FACES Pain Scale-Revised (FPS-R) before 
the rs-fNIRS recording and, for Group B, before and after the VR program. FPS-R is a tool widely used in 
medicine to assess the intensity of perceived pain. It is an updated version of the original Faces Pain Scale, which 
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includes a set of faces to indicate different pain intensities along with a numeric scale (usually 0–10) above or 
below the faces40.

Patients used the FPS-R to assess their pain level by selecting a specific image on a visual scale. Participants 
in Group C, who only underwent rs-fNIRS recording without VR, used the FPS-R to assess their perceived pain 
severity approximately 15 min before the start of the recording. Participants in Group B, who underwent both 
rs-fNIRS recording and the VR program, assessed their pain severity twice: 15 min before their first rs-fNIRS 
recording, and up to 15 min after completing the VR session (equivalent to 5 min after their second rs-fNIRS 
recording, as each rs-fNIRS recording lasts 10 min). The timeline for each step of data recording is shown in 
Fig. 1. Participants in Groups A and C completed only steps A to C  (Fig. 1), while participants in Group B 
completed all steps from A to F (Fig. 1).

Recruitment
Participants were invited to the study through email and/or verbal invitations. Thirteen healthy participants 
participated in the rs-fNIRS recording experiment (Group A). Forty-one cancer patients with pain participated 
in both the VR intervention and rs-fNIRS recording before and after VR (Group B), and 93 cancer patients 

Fig. 1.  Timeline for each step of data recording: (A) Pain severity self-assessment, (B) fNIRS setup, (C) 
rs-fNIRS recording, (D) Engagement in VR program, (E) rs-fNIRS recording, and (F) Pain severity self-
assessment. This figure was generated using the ChatGPT 4 AI, which assisted in the creation of visual 
elements.
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participated only in the rs-fNIRS recording experiment (Group C). Recruitment and data collection took place 
over a 24-month period. All participants provided their written consent.

Inclusion and exclusion criteria

•	 All participants had to be free from neurologic and psychiatric illnesses, e.g., stroke.
•	 Participants in Groups B and C had no brain metastases which could interfere with brain functions.
•	 Participants should be able to remain sedentary for the duration of the sessions and must remove any items, 

such as wigs or hijabs, that could interfere with the fNIRS optodes’ contact with the skin.
•	 Female participants must not be pregnant to ensure that the study’s brain activity data collection is not affect-

ed by pregnancy-related factors because during the third trimester, the fetus’s brain is significantly developed 
and may interact with the mother’s brain41.

•	 Participants had to be free from electronic or metallic implants in the head.
•	 For Group A, participants had to be free from cancer and cancer pain, and free from other forms of chronic 

pain e.g. rheumatologic pain.
•	 For Group B, participants had to be free from hypersensitivity to flashing lights or motion, as this could lead 

to an increased risk of seizures or discomfort when using VR.
•	 For group B, participants had to be free from impaired stereoscopic vision or severe hearing impairments due 

to the immersive visual and auditory nature of VR programs.
•	 For Group B, participants had to be free from medical conditions that predispose them to nausea or dizziness 

because these symptoms could worsen during VR use.

rs-fNIRS data recording
The fNIRS uses near-infrared light (wavelength range: 650–900 nm) to penetrate the skull, measuring changes in 
blood oxygenation and volume in the brain’s cortex. This is done by placing optodes on the scalp; these emit light 
that, after interacting with brain tissue, is detected and analyzed for blood oxygen and flow changes. Optodes 
are components of the fNIRS system, consisting of both emitters (sources), which transmit near-infrared light 
into the tissue, and receivers (detectors), which capture the reflected light after it has traveled through the tissue.

In this study, rs-fNIRS data were collected using a wireless Dual Brite system and Oxysoft 3.3 software 
(Artinis Medical Systems®, Netherlands). A Dual Brite fNIRS system was used to cover a larger area of the brain, 
allowing for a more comprehensive analysis of the regions affected by pain. The optodes from the system were 
mounted on a single headcap. Participants were instructed to keep their eyes closed (Fig. 2A) and remain awake 
during the 10-minute rs-fNIRS recording42,43. Data was captured from the superior frontal gyrus (Fig. 2B) using 
a 10-channel setup, created by selectively pairing 1 emitter with 1 receiver to establish 10 unique channels from a 
possible combination of 4 emitters and 4 receivers. fNIRS data from the parietal cortex (Fig. 2C,D) were captured 
using two 5-channel setups, each formed by pairing 1 emitter with 1 receiver to create 5 unique channels from a 
possible combination of 3 emitters and 2 receivers. The prefrontal cortex was monitored using 24 channels with 
combinations of 10 emitters and 8 receivers (Fig. 2E). A total of 44 channels were used for data recording. The 
system measured the absorption of near-infrared light at two wavelengths (760 and 850 nm) at a sampling rate 
of 50 Hz.

Virtual reality program
Participants in Group B used a Meta-Quest 2 VR headset to engage in the 9-minute Oceania relaxation program 
from the Meta Store44. This immersive experience shows marine life around Australia and New Zealand, aiming 
to distract patients’ attention from pain (Fig. 3). Sessions were supervised by a clinical research faculty.

Data and statistical analysis
FNIRs data preprocessing
The fNIRS data were pre-processed in the NIRS toolbox, a MATLAB-based analysis program for NIRS45. 
MATLAB 2022 software was used for this analysis. The following pre-processing steps were applied to the fNIRS 
data:

	1.	� The raw light intensity measurements from the fNIRS device were converted into optical density values, 
which are more suitable for quantitative analysis.

	2.	� The Principal Component Analysis (PCA) method was used to remove the first main component and reduce 
physiological noises, such as those from motion46.

	3.	� For motion artifact detection and correction, we used the motion_correct function from the NIRS toolbox. 
This method was specifically chosen for its effectiveness in identifying and reducing motion-related artifacts, 
which are common issues in fNIRS recordings. Based on this function of the toolbox, the fNIRS signal is 
processed to create lagged versions of itself, incorporating information about the signal’s past behavior. Us-
ing these lagged signals, the function performs a regression analysis to model the relationship between the 
current signal and its previous values. This approach facilitates identifying and removing components of the 
signal that are likely due to motion artifacts. Toolbox then applies another filter to further correct motion 
artifacts. This involves assigning different weights to different parts of the signal, giving less importance to 
parts of the signal that were likely to be corrupted by motion. These weights are then used to adjust the fil-
tered signal, thereby ensuring that the correction process does not distort the true neural signal.

	4.	� After correcting motion artifacts in the data, we implemented a bandpass filter with a passband range from 
0.01 Hz to 0.1 Hz on the signals to restrict the frequency range15,47.
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	5.	� Following bandpass filtering, the wavelet filter with the “Sym8” basis was used to further refine the signal by 
breaking it down into components at different scales and use those to identify and remove any remaining 
artifacts or noise.

Finally, we applied the modified Beer–Lambert law with a partial pathlength factor of 6 to compute the 
hemodynamic parameters and use those for feature extraction. This step involved converting the processed 
optical density data into measures of relative changes in concentrations of oxygenated hemoglobin (HbO) and 
deoxygenated hemoglobin (HbR).

After preprocessing, functional connectivity between pairs of channels was calculated using coherence 
analysis for HbO and HbR signals individually.

Fig. 2.  Schematic of the resting-state fNIRS recording configuration. This setup illustrates the arrangement of 
light-emitting sources and receiving detectors using a wireless Dual Brite system (Artinis®) for capturing fNIRS 
data. Panel (A) depicts a patient in a seated, eyes-closed posture during data acquisition. The distribution of 
channels is detailed across the superior frontal gyrus (Channels 30–39, Panel B), left parietal lobe (Channels 
40–44, Panel C), right parietal lobe (Channels 25–29, Panel D), and prefrontal cortex (Channels 1–24, Panel 
E). This figure was partially generated using the ChatGPT 4 AI, which assisted in the creation of certain visual 
elements.
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Functional connectivity features
HbO and HbR signals were used to extract fNIRS-based functional connectivity features. The first minute of the 
signals was excluded from further analysis to ensure that participants were resting and relaxed. The rs-fNIRS data 
were normalized to have a zero mean and unit variance, ensuring consistency and comparability across different 
recording sessions and participants47. To extract the functional connectivity between different fNIRS channels, 
coherence analysis was performed. This involved calculating the magnitude-squared coherence between pairs 
of channels across the entire dataset. The spectral analysis was carried out using a Hamming window with 50% 
overlap to calculate the magnitude-squared coherence. The number of Fast Fourier Transform (nFFT = 5000) 
points was determined based on the low-pass filter (LPF; 0.01 Hz) settings and sampling rate of the data (50 Hz).

We analyzed the rs-fNIRS signals by calculating functional connectivity between all pairs of channels to 
create functional connectivity matrices. With 44 channels, each resulting matrix has dimensions of 44 × 44 for 
both HbO and HbR. Since these matrices are symmetric, the number of unique functional connectivity features 
for HbO and HbR individually is ( 442−44

2 ). Hence, a total of 946 functional connectivity features were extracted 
for each signal type, resulting in 1892 features per recording.

HbO coherence primarily reflects changes in oxygen delivery and consumption, which is associated with 
higher metabolic demands and neuronal activity in the corresponding brain regions33,48. Previous neuroimaging 
studies indicate that heightened metabolic demands during cognitive or sensory tasks lead to increased blood 
flow and oxygenation33,48. The coupling of neural activity to hemodynamic responses, known as neurovascular 
coupling, underscores the importance of HbO coherence in understanding brain function49. Thus, HbO 
coherence is a valuable metric for assessing the dynamic changes in oxygenation that accompany varying levels 
of neuronal engagement, providing understanding about the metabolic underpinnings of brain activity33,48. In 
contrast, HbR coherence offers estimation about the oxygen extraction process and venous blood oxygenation, 
which can vary depending on local cerebral blood flow and metabolic coupling50–52. In current study, coherence 
analyses for HbO were interpreted as a representation for neuronal activation and functional connectivity, 
while HbR coherence provided complementary information about the efficiency of oxygen usage and potential 
alterations in vascular dynamics.

Samples used for the pain prediction model
The study included three groups of participants: 13 in Group A, 41 in Group B, and 93 in Group C. Recordings 
from Groups A and C were used to develop a pain prediction model. Two rs-fNIRS recordings were obtained 
from 23 patients at two distinct follow up appointments, while a single recording was obtained from 70 patients 
in Group C. In total, 129 recordings (i.e., 23 × 2 + 70 + 13) were used to develop the pain prediction model.

Classification of perceived pain severity
We classified pain into no/mild, moderate, and severe categories. Pain severity for healthy participants is 0 (i.e., 
no pain). Labels for perceived pain severity were assigned as follows: Class 1: for no/mild pain (FPS-R: 0–4), 
Class 2: moderate pain (FPS-R: 5–7), and Class 3: severe pain (FPS-R: 8–10)53. Using all 11 scores (0 and 1 to 
10) for assessment would require a much larger sample size to develop a reliable prediction model. Given the 
available data, classifying pain into three severity levels—no/mild, moderate, and severe—was a more feasible 
approach.

The study used fNIRS functional connectivity features and subjectively assessed pain severity labels to train, 
validate, and test a multinomial logistic regression (MLR) model with three output classes. We used Recursive 
Feature Elimination with Cross-Validation (RFECV) from the scikit-learn library, which incorporated MLR as 
the estimator. This method performed recursive feature elimination and simultaneously determined the optimal 
number of features based on cross-validated model performance.

To ensure robust testing, we implemented the leave-one-participant-out cross-validation method, whereby 
all samples from one participant were reserved for the test set, and the remaining samples were used for training–

Fig. 3.  Schematic illustration of fNIRS data acquisition before and after the Oceania virtual reality experience. 
Panel (A) shows a patient seated with the fNIRS system in place, coupled with a Meta Quest 2 VR headset, 
during capture of cerebral hemodynamic responses while engaged with the virtual environment (B). Panel (A) 
of this figure was generated using the ChatGPT 4 AI.
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validation (Fig. 4). This cycle was repeated for each participant, ensuring that every individual’s data contributed 
to the test set, thus facilitating a comprehensive assessment of the model’s performance.

The model’s key parameters were optimized using grid search with stratified 5-fold cross-validation, repeated 
five times. This process was nested within a leave-one-participant-out cross-validation framework to ensure 
robust evaluation. The stratified 5-fold cross-validation ensured class label distribution was preserved. For 
model optimization, samples from a participant were placed either in the training fold or the validation fold, but 
not in both. The scikit-learn toolbox of Python 3.7 was used to develop the MLR model. The Synthetic Minority 
Over-Sampling Technique (SMOTE) with k-neighbors = 5 was applied to address class imbalance within the 
training folds. This setting means that for each sample in the minority class, synthetic samples were generated by 
interpolating between the sample and its 5 nearest neighbors.

Tuning the key parameters of the logistic regression model  Logistic regression is a linear classification al-
gorithm used to model the probability of certain classes or events. It estimates the probability of an instance 
belonging to a particular class using a logistic function. The main hyperparameters (i.e., key parameters) for 
logistic regression and the values considered for each parameter for tuning are explained briefly here. The “Pen-
alty” parameter specifies the type of regularization applied in the model. Regularization is an essential technique 
employed to prevent overfitting, a common issue where a model excessively learns from the training data, which 
detriments the model’s performance on new data. This can be achieved by incorporating a regularization term 
into the model’s loss function. The nature of this regularization term can vary (e.g., L1, L2, or a combination 
of them). Each type of regularization term imposes different constraints on the model coefficients. L1 makes 
the model use fewer features by setting some coefficients to zero, while L2 keeps all features but makes the 
coefficients smaller and more evenly spread out. In the given model, “C” serves as the inverse of regularization 
strength. We considered a range from 0.1 to 1 for this parameter, increasing it in increments of 0.1 to fine-tune 
the regularization effect. A smaller value of C results in stronger regularization, and a larger value of C results 
in weaker regularization. A solver is an optimization algorithm used to optimize the loss function. The “New-
ton-Conjugate Gradient,” “Limited-memory Broyden–Fletcher–Goldfarb–Shanno,” “Stochastic Average Gradi-
ent Descent,” and “Stochastic Average Gradient Augmented” were considered for solver parameters.

Feature importance in perceived pain severity prediction  We calculated feature importance using permutation 
importance to assess each fNIRS feature’s contribution to model performance. This method assesses the change 
in model accuracy when each feature’s values are randomly shuffled (10 repetitions in this case). Larger drops 
in accuracy indicate a higher importance of the feature for the model. The average importance and standard 
deviation were reported across leave-one-participant-out iterations.

Assessment of the classification model’s performance
The performance of the classification model was assessed by using several performance assessment metrics:

•	 Precision: Indicates the accuracy of positive predictions, calculated as the ratio of true positives (TP) to the 
total predicted positives (TP+false positives (FP)).

•	 Recall (sensitivity): Measures the model’s ability to identify actual positives, calculated as the ratio of TP to the 
sum of TP and false negatives (FN).

•	 Accuracy: Represents the overall proportion of correctly classified samples out of the total number of samples.

Fig. 4.  Five-fold cross-validation nested within leave-one-participant-out cross-validation. For pain 
classification model development, N = 106; for classification of before- and after-VR conditions, N = 41.
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•	 F1-score: Harmonizes precision and recall, particularly valuable in unbalanced classes, with values ranging 
from 0 to 1, where higher values indicate better performance.

To provide a more detailed view of actual versus predicted classes, the confusion matrix was also provided, 
showing correct and incorrect predictions for each class.

Assessment of the effect of the VR in pain relief and fNIRS functional connectivity features
Each patient in Group B assessed its perceived pain severity prior to and following the VR effect. We used 
the Wilcoxon signed-rank test to assess statistically significant changes in perceived pain scores and individual 
fNIRS features before and after the VR intervention, as they were not normally distributed according to the 
Shapiro-Wilk test. Statistical significance was defined as P < 0.05. Significant changes are presented alongside 
p-values, with heat maps visualizing the difference between the average functional connectivity for HbO and 
HbR across 41 participants before VR and after VR for features that significantly changed due to VR. These heat 
maps illustrate the fNIRS features affected by VR.

To account for interactions and redundancies among features and gain a comprehensive understanding of 
feature changes after VR, we developed a logistic regression model to classify before and after VR conditions. 
By using binary logistic regression and RFECV feature selection method, we could determine which features 
are important in classifying two conditions: before VR (class 1) and after VR (class 2). The impact of VR on 
functional connectivity features was explored using binary logistic regression analysis and the scikit-learn 
toolbox in Python 3.7. The dataset related to VR effect included 1892 functional connectivity features, extracted 
from rs-fNIRS data for 41 participants both before and after VR (Group B). The analysis aimed to differentiate 
between before and after VR conditions, which were coded as class 1 and class 2, respectively, representing a 
binary classification task. The model training and development approach was similar to the method outlined in 
the “Classification of perceived pain severity” section.

Subsequently, the model was re-initialized and fitted with the optimally tuned parameters to facilitate a more 
comprehensive model performance assessment using all samples.

Assessment of the clinical importance of VR in pain relief
The percentage of pain reduction was determined by first calculating the difference in pain scores before and 
after the VR intervention, then dividing this difference by the pain score before the VR intervention. This 
product was subsequently multiplied by 100 to obtain the percentage. The percentage of patients achieving 30% 
pain reduction (i.e., the clinical benchmark for meaningful pain relief54) was calculated. The study emphasizes 
translating statistical results into practical benefits for patients, aiming to provide clinically relevant information.

Results
The ages and gender distribution of participants in classes 1 to 3 are as follows:  57 ± 15.5  years (43 male 
samples , 17 female samples, 1 transgender sample), 62 ± 9.9  years (33 male samples, 10 female samples), 
and 61 ± 10.6 years (22 male samples, 3 female samples), respectively. The Body Mass Index (BMI) values for 
participants in these classes are 25.54 ± 7.45, 28.68 ± 7.59, and 27.37 ± 5.83, respectively. The pain severity of 
participants in Group A was zero, as they are healthy individuals. For Group B, the pain scores are reported as 
the mean ± standard deviation: before VR (4 ± 2.01) and after VR (2 ± 1.59). For Group C, the pain scores are 
reported as the mean ± standard deviation: 5 ± 2.7.

Classification of perceived pain severity
Fifteen features were selected and used in the model. Validation accuracy, averaged over all cross-validation steps, 
nested within leave-one-participant-out, was 82% ± 1.8%. Confusion matrix was created using the actual and 
predicted labels for the test samples, with each participant’s data held out as the test set in turn. This procedure 
was repeated for all participants. Figure 5A,B shows the confusion matrix and its modified version with accuracy 
percentages for the MLR model in classifying pain severity levels in test samples. The corresponding classification 
model’s performance metrics are shown in Table 1.

The model achieved a prediction accuracy of 74%, indicating its reliability in clinical settings for pain 
management strategies. Feature importance results are presented in Fig. 6.

Assessment of virtual reality’s effect on perceived pain severity
Figure 7 shows the perceived pain severity values before and after VR. The Wilcoxon signed-rank test results 
indicated a significant decrease in perceived pain severity after VR (P < 0.001).

A substantial number of patients, 75.61%, achieved pain relief exceeding the 30% pain threshold (i.e., 
clinically significant pain relief threshold), suggesting that the VR was effective in relieving the participants’ 
perceived pain (Fig. 8).

Investigating the effect of VR on fNIRS functional connectivity features
We applied the Wilcoxon signed-rank test to each feature (i.e., functional connectivity between pairs of fNIRS 
channels) before and after VR and created heat maps to display the resulting p-values (Fig. 9).

Notable findings include significant functional connectivity changes in several channel pairs, as evidenced 
by P-values lower than 0.05 in multiple channel pairs. For example, the fNIRS functional connectivity between 
channels 17 and 11 (located in the prefrontal cortex) for HbO signals showed a significant change in brain 
connectivity (P = 0.001) due to the VR effect.

Table 2 presents the fNIRS features selected using RFECV, which assesses feature importance based on their 
contribution to the model’s predictive performance, for classifying conditions before and after VR.
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Furthermore, the binary classification model achieved a validation classification accuracy of 82% ± 3%, 
determined using stratified 5-fold cross-validation repeated five times, and a test classification accuracy of 79% 
with leave-one-participant-out cross-validation. This table presents the estimated relationship between the 
presence of the VR intervention and affected fNIRS functional connectivity across channel pairs, with data 
describing the estimated coefficient of this association and its statistical significance (P-value) for each feature. 
Notable findings include significant functional connectivity changes in several channel pairs (P-values lower 
than 0.05). For example, the fNIRS functional connectivity between channels 5 and 20, both located in the 
prefrontal cortex, showed a significant change in HbR functional connectivity due to the VR intervention.

Discussion
The objectives of this study are to (1) classify perceived pain severity in cancer patients into no/mild, moderate, 
and severe categories using rs-fNIRS features, and (2) assess VR effects in cancer pain management.

Classification of perceived pain severity
The performance of the MLR model in classifying pain severity across the test samples demonstrates the model’s 
reliability for pain management in clinical settings, where the accurate classification of pain levels can guide 
personalized treatment plans. The feature importance analysis offers understandings about the key predictors 
of pain severity levels. Identifying neural markers linked to varying pain severity levels enables more precise, 
individualized interventions that align with each person’s unique pain experience.

Changes in functional connectivity among channel pairs in prefrontal cortex are indicative of neural 
communication changes linked to pain severity55. The prefrontal cortex plays a significant role in pain 
processing37. The connections of the prefrontal cortex to other regions of the cerebral neocortex and other brain 
regions are essential in this process. Changes in neurotransmitters within the prefrontal cortex are also linked 
to pain processing55. Our findings indicated that the fNIRS functional connectivity features between various 
channels within the prefrontal and parietal cortices are important for classifying perceived pain severity levels. 
This observation aligns with prior research demonstrating the critical roles of these brain regions in cognitive and 
affective aspects of pain processing56. Cognitive factors such as attention, expectancy, and appraisal can amplify 
or diminish pain perception. For example, expecting a stimulus to be painful can heighten the pain experience, 
whereas positive appraisals can mitigate it57,58. Similarly, emotional states play a key role, with negative emotions 
often intensifying pain perception and positive emotions reducing it56. These findings suggest that the cognitive 
and emotional components of pain processing are key contributors to the variability in perceived pain levels.

Performance metric Value

Precision 72%

Recall 74%

F1-score 0.72

Accuracy 74%

Table 1.  Prediction results for the MLR model constructed on the 129 test samples obtained by applying the 
leave-one-participant-out cross-validation technique.

 

Fig. 5.  A confusion matrix for classifying perceived pain severity levels in 129 test samples was obtained by 
applying the leave-one-participant-out cross-validation technique. This figure illustrates the performance of 
the MLR model in classifying pain severity into three classes: class 1 (no pain or mild pain), class 2 (moderate 
pain), and class 3 (severe pain). Panel A displays the confusion matrix, which shows the actual versus predicted 
labels for the test samples. Panel B shows a confusion matrix with percentages.
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Fig. 7.  The perceived pain severity values before and after VR for each participant.

 

Fig. 6.  Normalized mean and standard deviation of permutation feature importance for predicting perceived 
pain severity. Each feature represents functional connectivity between channel pairs (Ch) associated with either 
HbO or HbR signals. Channels 1–24 are located in the prefrontal cortex, channels 25–29 in the right parietal 
lobe, channels 30–39 in the superior frontal gyrus, and channels 40–44 in the left parietal lobe.
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Channels representing the parietal cortex also played a key role in classifying perceived pain severity levels, 
underscoring their involvement in the sensory-discriminative aspect of pain processing. This finding aligns with 
state-of-the-art research indicating that the parietal cortex is crucial for the sensory-discriminative aspects of 
pain processing, including spatial awareness and the differentiation of sensory characteristics of pain59. Previous 
research indicated that increased activity in the parietal cortex correlates with the processing of pain perception 
and recognition of somatosensory stimuli, particularly in cases of mild to moderate pain60,61. Structural 
and functional changes in the parietal cortex have been observed in individuals experiencing chronic pain, 
highlighting its significance in the broader network of brain regions responsible for pain perception62.

Functional connectivity of both HbO and HbR signals played key roles in classifying perceived pain severity 
in cancer patients. This finding suggests that both oxygenated and deoxygenated hemoglobin dynamics are 
linked to the neural mechanisms underlying pain perception. Specifically, the involvement of HbO signals may 
reflect increased neuronal activation and oxygen delivery in brain regions associated with pain processing, 
such as the prefrontal and parietal cortices. Similarly, HbR signals, indicative oxygen utilization and metabolic 
coupling, may highlight the efficiency of neural activity and its relationship to pain intensity. These results align 
with previous studies emphasizing the importance of hemodynamic responses in cognitive and emotional 
modulation of pain49–52. The dual contribution of HbO and HbR functional connectivity underscores the 
complex interplay between vascular and neural activity in the brain’s pain processing pathways.

While fNIRS is widely used for pain assessment, modalities such as EEG have recently gained increasing 
attention. Both modalities provide understanding about brain activity associated with pain perception, albeit 
through different mechanisms. EEG has been shown to reflect changes in brain oscillations related to pain 
states, with studies indicating alterations in alpha and beta power during painful stimuli63,64. While EEG can 
indicate changes in brain activity associated with pain, the relationship between EEG changes and clinical 
pain outcomes is complex and not fully established63. Conversely, fNIRS has emerged as a valuable tool for 
assessing main pain responses, particularly in clinical settings where traditional imaging methods may be 
impractical. Research indicates that fNIRS effectively captures hemodynamic changes in the prefrontal cortex 
and other regions during pain experiences, demonstrating its utility in monitoring pain levels and responses to 
analgesic interventions65–67. However, the limitations of fNIRS, such as its reduced ability to detect deeper brain 
structures, should be acknowledged66. The integration of these technologies could enhance our understanding of 
pain mechanisms in cancer patients, providing a comprehensive approach to pain assessment and management.

Assessment of the VR effect in pain relief
In clinical settings, a pain reduction of 30% or more is widely regarded as a meaningful benchmark, often 
correlating with significant improvements in a patient’s quality of life, functionality, and overall well-being54,68. 
This threshold is supported by evidence showing that such reductions are associated with noticeable relief, 
enabling patients to better perform daily activities and experience increased comfort69,70. This metric is 
particularly crucial for chronic pain sufferers, whose lives are often severely disrupted by persistent pain. In 
addition to its clinical importance, the 30% pain reduction is widely used as a practical threshold in clinical trials 

Fig. 8.  Perceived pain reduction in cancer patients following the virtual reality intervention. Histogram of 
perceived pain reduction percentage among 41 cancer patients after the VR. Red line represents the clinically 
significant threshold of a 30% reduction in perceived pain.
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Feature* Estimate P-value**

Coherence between channels 11 and 12 for HbO signals 0.84 0.003

Coherence between channels 12 and 43 for HbO signals -0.1 0.41

Coherence between channels 1 and 9 for HbR signals -0.6 0.04

Coherence between channels 2 and 16 for HbR signals 0.81 0.01

Coherence between channels 5 and 20 for HbR signals 1.17 < 0.001

Coherence between channels 7 and 43 for HbR signals 0.85 0.01

Coherence between channels 13 and 14 for HbR signals 0.24 0.33

Validation accuracy: 82% ± 3% (5-fold cross-validation nested within leave-
one-participant-out). Test accuracy: 79% (leave-one-participant-out cross-
validation).
Samples: 82 (41 before VR and 41 after VR)

Table 2.  Logistic regression model for classifying before and after VR conditions using fNIRS functional 
connectivity features. * Channels 1–2, 5, 7, 9, 11–14, 16, and 20 are located in the prefrontal cortex, while 
Channel 43 is located in the left parietal lobe. **P-values less than 0.05 were considered statistically significant. 
Statistically significant values are in bold.

 

Fig. 9.  Wilcoxon signed-rank test results for functional connectivity features (between fNIRS channels) 
before and after VR intervention. (A) P-values for HbO functional connectivity features; (B) P-values for HbR 
functional connectivity features; (C) P-values of statistically significant changes in HbO functional connectivity 
features (P < 0.05); (D) P-values of statistically significant changes in HbR functional connectivity features 
(P < 0.05) across 41 participants before VR and after VR for features that significantly changed due to VR.
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assessing the efficacy of pain management therapies, including pharmacological treatments, physical therapy, 
and cognitive-behavioral interventions70,71. For healthcare providers, this benchmark serves as a practical target 
for tailoring interventions based on patient-reported outcomes, ensuring a patient-centered approach to pain 
management69.

In the current study, for Group B, the significant reduction in pain scores after VR intervention demonstrates 
VR’s potential as a non-pharmacological analgesic tool for cancer patients experiencing pain. The substantial 
reduction post-intervention suggests that VR alleviates perceived pain in cancer patients, supporting the 
hypothesis that VR could be a practical complementary to traditional pain management methods. The finding 
also suggests that VR has the potential to serve as a cost-effective and scalable approach for pain relief in clinical 
settings, especially among cancer patients who may experience high levels of pain.

The study findings align with previous studies that highlight VR’s impact on pain perception. VR has 
been shown to alleviate cancer pain perception by diverting attention and engaging patients in immersive 
experiences72. A randomized controlled trial demonstrated that VR significantly reduced pain among breast 
cancer patients, highlighting its effect as a distraction technique73. Additionally, a systematic review and meta-
analysis found that VR interventions led to significant improvements in pain, anxiety, and quality of life for 
cancer patients, supporting the use of VR as an adjunctive therapy in cancer rehabilitation74.

Effect of VR on fNIRS functional connectivity features
Identified changes in functional connectivity patterns indicate VR’s impact on neural communication across 
brain regions related to pain perception. The significant changes observed between channels located in the 
prefrontal cortex for HbO signals, may point to specific neural pathways involved in modulating pain perception 
during VR intervention. These findings align with the hypothesis that VR’s impact on the brain’s functional 
connectivity may contribute to pain relief through altered connectivity in pain-related neural circuits. The 
observed changes could potentially facilitate optimizing VR settings to target connectivity features that yield 
maximum pain relief for individual patients.

Changes in functional connectivity within the prefrontal cortex, which is involved in cognitive functions and 
emotional regulation75,76, suggest that VR may modulate the cognitive and emotional components of pain. The 
observed significant changes in functional connectivity between brain regions (e.g., between channels located 
in the prefrontal cortex and the superior frontal gyrus) may indicate a disruption or alteration in the usual pain 
processing pathways due to the VR intervention. These results show VR’s role in modulating neural networks 
that process the cognitive-emotional aspects and the sensory dimensions of pain, which is aligned with the 
findings in previous studies.

VR is an effective pain management tool, primarily due to its immersive nature, which captures the patient’s 
attention and creates a strong distraction from pain77. This distraction mechanism shifts cognitive resources 
away from pain processing, thereby reducing the perceived intensity of pain. Cognitive and affective modulation 
play key role in VR-induced pain relief. For instance, the positive emotional states elicited by engaging VR 
environments could further reduce pain perception by counteracting negative emotions often associated 
with pain56,78–80. Previous research has shown that VR not only distracts patients from pain but also induces 
psychological effects that contribute to pain relief, such as relaxation and emotional engagement81. Furthermore, 
VR has been found to be more effective than traditional distraction methods, such as 2D videos, in attenuating 
pain signals through multisensory awareness82. Additionally, immersive VR experiences may influence cognitive 
appraisals of pain, reframing the experience in a way that reduces its perceived severity. This interplay between 
distraction, emotional states, and cognitive appraisals highlights the multifaceted mechanisms underlying VR 
pain relief.

Functional connectivity of both HbO and HbR channels in several brain regions significantly changed 
following the VR intervention. This finding suggests that HbO and HbR dynamics are involved in the neural 
mechanisms underlying VR-induced pain relief. Specifically, changes in HbO functional connectivity may reflect 
increased neural activation and oxygen delivery in regions associated with attention, emotion regulation, and 
sensory processing, which are key to the immersive and distracting effects of VR. Similarly, alterations in HbR 
connectivity may indicate modifications in oxygen utilization and metabolic efficiency, highlighting the role of 
neurovascular coupling in the brain’s response to VR.

Classification of Pre- and Post-VR conditions using functional connectivity
The reasonably high accuracy achieved in distinguishing pre- and post-VR states further supports the impact 
of VR on the brain’s functional connectivity, particularly in regions associated with pain perception and 
processing. The key features identified in this model provide perspectives on which neural connections are 
important in distinguishing before and after VR states. For instance, the significant coherence changes between 
channels located in the prefrontal cortex for HbR signals highlights VR’s role in modulating specific functional 
connectivity within this brain region.

The selected features illustrate potential biomarkers for tracking changes in brain functional connectivity in 
response to VR interventions. The relatively high classification accuracy also suggests that these fNIRS-based 
functional connectivity changes could be used in future clinical applications to assess the effect of VR in real-
time or as an adjunct in therapeutic settings. This understanding paves the way for exploring VR-based pain 
management further, potentially enabling personalized VR interventions tailored to the specific functional 
connectivity profiles of patients.

Strength of the study and implications
This study used fNIRS functional connectivity features and MLR to classify perceived pain severity in cancer 
patients into three levels (no pain or mild pain, moderate, or severe). This offers a tool for cancer pain 
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management with relatively high accuracy. The leave-one-participant-out cross-validation showed strong test 
accuracy, demonstrating its ability to generalize to new participants, crucial for clinical settings with diverse 
patient variability.

Most existing studies in the field of pain level classification using fNIRS and machine learning focus on 
pain induced by pressure or thermal stimuli14,47,83 (Table 3). Those studies demonstrate the effect of fNIRS data 
in identifying patterns associated with varying levels of pain severity. However, these approaches face greater 
challenges in clinical settings, particularly in accurately classifying the intensity of natural pain experienced by 
cancer patients. The present study marks a significant advancement in the development of objective methods for 
pain severity prediction among cancer patients.

Additionally, study findings highlight VR’s potential as a useful, non-invasive pain management tool, capable of 
inducing significant reductions in perceived pain severity among cancer patients. The model’s high accuracy and 
the significant changes in fNIRS connectivity patterns suggest that VR affects specific neural circuits associated 
with pain perception. This has important implications for developing non-pharmacological pain management 
strategies and contributes to the broader field of neuro-modulatory therapies. Future research could focus on 
refining the functional connectivity features identified, potentially leading to tailored VR interventions based on 
individual brain’s functional connectivity profiles.

Moreover, exploring the underlying mechanisms of VR’s impact on functional connectivity could offer 
new knowledge about the neural mechanisms of pain perception, potentially leading to breakthroughs in pain 
management for clinical populations.

Limitations of the study
The study’s results, while promising, may have limited generalizability due to reliance on patients from a single 
pain clinic. Broader studies with diverse cohorts and various VR programs, and examinations of VR’s long-term 
effects on brain connectivity, are needed for a more comprehensive investigation. We acknowledge that the study 
is limited due to the absence of a control or sham procedure. Consideration of the placebo effect would be useful 
in VR treatment studies to assess the effect of VR interventions more accurately; while the present study did not 
address this, a placebo effect should be considered in future research. We acknowledge that this study is limited 
by the fact that fNIRS primarily measures activity in surface regions of the brain, whereas key regions involved 
in pain perception, such as the cingulate cortex, insula, and parietal operculum, are located deeper within the 
hemisphere. We acknowledge that the groups in this study were not matched for age, sex, or BMI. Additionally, 
we did not account for the education level factor.

Future studies should aim for models specific to each pain type (cancer-related or treatment-related), which 
may enhance understanding of how pain is processed and the prediction accuracy in cancer patients. Studies 
could also examine the long-term effects of VR on functional connectivity to determine whether repeated 
sessions produce cumulative benefits for pain relief.

Conclusion
The developed pain severity classification model, developed in this study, shows promise for potential applications 
of fNIRS and machine learning in clinical pain management, where reliable, automated pain assessment can 
support more personalized and efficient care strategies.

Our study demonstrates the effect of VR in reducing perceived pain severity among cancer patients, 
highlighting VR’s potential as a non-invasive tool and non-pharmacological method for pain management. The 
significant changes in functional connectivity observed after VR intervention suggest that VR may influence 
pain perception through modulation of pain-related neural circuits.

Data availability
The data that support the findings of this study are available from the corresponding author [SBS] upon reason-
able request.

Study Year Data Pain source Subjects Samples Number of classes Model Test samples
Accuracy 
(%)

Rojas et al.83 2021 fNIRS Thermal pain 
perceptions 18 healthy subjects 300 2 (cold and hot 

induced pain)
Deep learning 
(bidirectional long 
short-term memory)

30% of randomly 
selected samples 90.6

Fernandez 
Rojas et al.47 2017 fNIRS Thermal pain 

perceptions 18 healthy subjects 352 2 (cold and hot 
induced pain) k-nearest neighborhood Data from 5 subjects 92.08

Lopez-
Martinez et 
al.14

2019 fNIRS
Electrical noxious 
stimuli and tactile 
brush stimuli

43 healthy 
participants 43 2 (no pain and pain) Support Vector Machine 

(rbf kernel)
10% of randomly 
selected sampled 69

Current study 2025 fNIRS Cancer-related pain
93 cancer patients 
and 13 healthy 
participants

129
3 (no or mild pain, 
moderate pain, severe 
pain)

Multinomial logistic 
regression

129 test samples 
obtained by 
applying leave-one-
participant-out cross 
validation

74

Table 3.  Comparative analysis of the current study results with state-of-the-art pain level classifications.
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