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Abstract

Background: Traditional diagnostic approaches for major depression disorder (MDD) or clinical depression rely on subjective
assessment of clinical symptoms while heart rate variability (HRV) metrics provide an objective alternative to support clinical
assessments and facilitate early depression detection. However, the imperceptibility of non-stationarity and unpredictability in
noticing a factor for its HRV outcome highlight the challenges in modelling of predictive AI. Methods: In this study, totally 139
participants were recruited including 40 patients and 99 healthy controls. Only 28 of the 40 depression patients and 34 of the 99
healthy controls were enrolled for HRV data collection according to inclusion criteria. Our experiment provided evidence for
evaluation of the validation method using a photoplethysmography (PPG) derived parameter representing beat-to-beat
stress-induced vascular response in terms of labelling performance and applicability. Results: The results demonstrated the link
between depression and the autonomic nervous system (ANS) measured using HRV both in statistical analysis and Al-driven
classification, as seen in the GPT-4-based LLM outperformed baseline models across multiple data sets. The validity labeling
contributed significantly to model performance and robustness, especially in small-sample scenarios. Although small sample
size was used in HRV-based depression prediction training via a large language model (LLM) with in-context learning (ICL),
the performance was definitely improved with validity labeling activated compared to labeling disabled. Conclusions: Through
comparison of observational accuracy in predictive models, the reliability of HRV recordings is crucial for improving
Al-driven depression prediction and aligning Al analysis with the expectations on physiological and psychological effects.
Among factors that could cause HRV value to change in unexpected ways, stationarity is a prerequisite for short-term HRV
(ST-HRV), thus validation strategy, a labeling method capable of identifying and rejecting recordings of false signals, is
necessarily needed.

Keywords

Heart Rate Variability (HRV), Photoplethysmography (PPG), Stress-induced Vascular Response Index (sVRI),
In-context Learning (ICL), Large Language Model (LLM), Al-driven Depression Prediction

*Corresponding author: luo.xiaomin@ 139.com (Xiaomin Luo)

Received: 25 March 2025; Accepted: 14 April 2025; Published: 11 June 2025

@ Copyright: © The Author(s), 2025. Published by Science Publishing Group. This is an Open Access article, distributed
@ under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited.



http://www.sciencepg.com/journal/ajcem
http://www.sciencepg.com/journal/254/archive/2541303
http://www.sciencepg.com/
https://orcid.org/0000-0002-6221-6195
https://orcid.org/0000-0001-9620-0426
https://orcid.org/0009-0008-9091-8320
https://orcid.org/0000-0002-5805-7099
https://orcid.org/0000-0003-2328-0300
https://orcid.org/0000-0003-1017-551X

American Journal of Clinical and Experimental Medicine

http://www.sciencepg.com/journal/ajcem

1. Introduction

Depression, or depressive disorder, is a globally prevalent
mental disorder affecting individuals across all age groups, rec-
ognized as a significant public health concern [1]. Depression is
a serious medical illness with great burdens for the affected in-
dividuals and public health care systems. Major depression dis-
order (MDD), also called clinical depression, is a more severe
form of depression, diagnosed with specific criteria from the
Diagnostic and Statistical Manual of Mental Disorders, 5th ed.,
criteria (DSM-5) [2], with symptoms like persistent low mood,
anhedonia, and significant impairment in daily functioning. The
onset and progression of depression are influenced by both bio-
logical and environmental factors. Genetic predisposition and
neurochemical imbalances contribute to its pathophysiology [3],
while external stressors such as prolonged familial conflicts or
traumatic life events further elevate susceptibility [4]. The com-
plexity of these contributing factors complicates both the diag-
nosis and treatment of depression.

Traditional diagnostic approaches for MDD rely on sub-
jective assessment of clinical symptoms, such as interviews
and self-reported questionnaires like the Patient Health
Questionnaire (PHQ) [5, 6]. However, these assessments are
inherently subjective, as their accuracy depends on both the
patient’s ability to articulate symptoms and the clinician’s
interpretation [7, 8]. Reliance upon clinical assessments and
patient interviews for diagnosing MDD is frequently associ-
ated with misdiagnosis and suboptimal treatment outcomes.
As such, there is increasing interest in objective methods to
determine depressive symptoms. Heart rate variability (HRV)
metrics, as a noninvasive and objective physiological indi-
cator of autonomic nervous system function, are technically
sophisticated to diagnostic tests in psychiatry.

HRV, as a physiological monitoring of autonomic nervous
system, provides an objective alternative to support clinical
assessments and facilitate early depression detection. Many
studies have identified a link between depression and the
autonomic nervous system (ANS) measured using HRV. A
compelling body of research indicates a reduced HRV
indexed by lower values of SDNN, RMSSD and HF power
and increased values of LF power for patients with depression
in comparison to healthy controls [8]. Thus, as simplified
method, some HRV parameters have been used to separate
patients with MDD and healthy controls [9-11].

According to the neurovisceral integration model, lower HRV
reflects impaired regulatory control, linking autonomic dysreg-
ulation to symptoms of anxiety and depression [13]. Given its
affordability and ease of measurement, HRV has been widely
explored as a potential biomarker for depression assessment [14,
15]. However, despite repeated reports of HRV reduction in
depressed patients, the causal role of pharmacological antide-
pressant treatment in autonomic dysfunction remains uncertain,
highlighting the complexity of the relationship between psy-
chological symptoms and physiological states.
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Recent studies have also suggested that restlessness is a key
factor contributing to lower HRV, emphasizing that stationarity
is a prerequisite for short-term HRV (ST-HRV) assessments
[16-18]. As the HRV signal has been used as an indicative
measure to estimate the level of stress, anxiety and depression,
the advantages of artificial intelligence (Al)-based learning
systems in data processing and logical reasoning capabilities
are widely recognized. In terms of predictive capabilities, as-
sessment of factors with impact on the accuracy must be taken
into consideration. Thus, the evaluation of effective techniques,
the choice of validation method in particular, should be the top
priority in enhancing performance.

To address these challenges, this study investigates the
associations between symptoms of depression and HRV in
clinically supervised outpatients as well as multiple compar-
isons with normal controls. To enhance data reliability, we
applied a validity labeling method based on the standard de-
viation of stress induced vascular response index (SDsVRI), a
photoplethysmography (PPG) derived parameter reflecting
beat-to-beat vascular responsive fluctuations, for observation
of stationarity throughout HRV testing. This method ensures
that the high-quality HRV recordings could be identified from
all data obtained and labelled reliable for further analysis.

In order to further evaluate the performance of validation
method, we employ in-context learning (ICL) with a large lan-
guage model (LLM) [19] for depression prediction based on HRV
metrics. It is assumed that the data used to train the model and the
testing data to make predictions are free of errors. But rarely a data
set is absolutely clean, thus a threshold of non-stationarity has
been used to define the data of poor reliability in the process of
HRV data extraction. By comparing model performance before
and after labeling, we assess the effectiveness of the PPG-derived
validity labels both in statistical analysis and Al-driven classifica-
tion. Notably, this study represents the first attempt to integrate
LLMs based on the electrocardiogram (ECG) derived HRV met-
rics incorporated with the validation method using a PPG based
label. As a candidate method for hemodynamic sensing, PPG has
been used in clinical settings for quantitative observation and
analysis of changes in peripheral arterial function [20-26]. The
experimental results provided evidence for evaluation of the la-
belling performance and applicability through comparison of
observational accuracy in predictive models.

2. Subjects and Methods

2.1. Study Subjects

The current study was performed at the psychological re-
habilitation department of Dongguan Rehabilitation Hospital,
Guangdong, China. A total of 139 participants were recruited.
Among them, the depression subjects were recruited from the
outpatient attendees (n=40) who had been diagnosed with
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depression in their first and second interview, while the
healthy control subjects (n=99) were recruited from the stu-
dents of Guangdong Vocational and Technical College. The
diagnosis should be confirmed using DSM-5 [2]. The study
was approved by the Institutional Review Board of Dongguan
Rehabilitation Hospital (Approval No: EC-20201211-1003),
and all subjects had signed their written informed consent.

The inclusion criteria were: i) youth age group between the
ages of 13 and 21 years; ii) Body mass index (BMI) is be-
tween 14.5 to 20.7; iii) no pharmacological antidepressant
treatment on cardiac autonomic dysregulation. iv) All subjects
refrained from caffeine and drugs that could alter the cardiac
autonomic function on the day before the tests.

The exclusion criteria were: i) Current or prior history of
known heart problems; ii) the use of regular medication; and
iii) sports-based intervention or physical training program.

According to the strict inclusion criteria, only 28 of the 40
patients were eventually enrolled and 34 of 99 healthy con-
trols were enrolled from the students in Guangdong Voca-
tional and Technical College.

2.2. Measurement of ECG and PPG

In this study, both ECG and PPG signals were measured
using JM2020, a HRV analytical system incorporating both
ECG and PPG sensors (JintzMed, Shenzhen, China) at a sam-
pling rate of 500 Hz. The HRV metrics were obtained from
ECG electrode and a PPG derived index, stress induced vas-
cular response index (sVRI) [27, 28], was obtained from finger
clip sensor. The value of sVRI throughout testing represents the
varying beat to beat stressful condition and its trend map ex-
hibits quantitively a dynamic process in vascular response [29].

ECG measurements were performed with electrodes applied
in a three-lead (chest-mounted configuration with one electrode
under each clavicle and the third on the lower left rib cage) to
extracted HRV metrics of all subjects during resting state at a
sitting position. In parallel, PPG signals were recorded from the
right index finger with the right hand being held at heart level.
After the subjects rested for 15 minutes to ensure cardiac auto-
nomic stability, ECG and PPG recordings were conducted sim-
ultaneously at a duration of 300 seconds, during which all the
subjects were asked to calm down and breathe normally with an
averaging period covering at least >300 RR intervals. Although
measurements were performed when all participants were sitting
still, validation method embedded in JM2020 as a strategy to
identify non-stationary recordings is systematically applied.

2.3. Data Validity Labeling

Statistical analyses were performed using SPSS software
(version 22.0; IBM Corp.). Results are presented as the mean
=+ SD. Comparisons between groups were performed using
t-test. The default threshold of non-stationarity in JIM2020 is
as the followings:

SDsVRI > 0.026.
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SDsVRI CV > 14.

Being used in the error estimation procedure, all HRV re-
cordings with both SDsVRI and SDsVRI CV values exceed-
ing the threshold range were labeled as poor reliability. In our
paper, we call this procedure as “validity labeling”. Thus, by
activating validity labeling, the data is added a label that in-
dicates whether the data is reliable or not.

This study will provide the evidence of the non-stationarity
(i.e., poor reliability) impact on the statistical analysis of HRV
metrics, as well as on the Al-based prediction performance.
We hypothesize that if the validity labeling is disabled, the
data will compromise the ability of Al prediction model.

2.4. Al-Driven Prediction Model

Traditional machine learning models (e.g., SVMs, random
forests) have been used for depression prediction, which often
rely on structured clinical questionnaires, and may lead to
potential bias. Deep learning models, which were applied to
text, audio, and video data, have shown promise in depression
prediction task, while ECG derived HRV incorporated with
PPG derived Validity Label remains underexplored. Unlike
conventional Al methods, ICL enables LLMs to generalize
from limited examples without retraining, making it particu-
larly useful for small clinical datasets.

Here, we introduced an LLM-based prediction model to
classify the control and depression groups. Given that the logic
inference ability of LLM heavily affects the overall perfor-
mance, we adopt a typical very large LLM, i.e., the
GPT-4-0125 version that has a strong logic inference ability. In
this model, we provide a simplified prompt instructing the
LLM to estimate depression likelihood based on HRV features,
and a fine-tuned prompt incorporating preprocessing steps,
feature selection, and stepwise reasoning (Chain-of-Thought
approach) in the feature selection module, we applied principal
component analysis (PCA) to reduce dimensionality while
retaining key physiological variations.

3. Results

3.1. HRV Statistical Analysis Results

Table 1. Descriptive characteristics of two groups.

Included participants (n=62)

Characteristic

Control (n=34) Depression (n=28)
Gender (F/M) 16/18 19/9
BMI 18.86+2.10 18.8742.55
Height 163.88+5.46 162.29+4.40
Weight 50.65+6.16 49.5745.95


http://www.sciencepg.com/journal/ajcem

American Journal of Clinical and Experimental Medicine http://www.sciencepg.com/journal/ajcem

Table 1 summarizes the descriptive characteristics of the  of 13-21 years. No significant differences were observed in
study population. BMI, height, or weight (p > 0.05). A chi-square test showed

In Table 1, both depression subjects (16.00%2.45) and no significant difference in gender distribution between
control subjects (17.67%3.16) were from the same age group  groups (p > 0.05), suggesting a similar gender composition.

Table 2. Comparison of HRV metrics (computed over the data in the first phase of the study) between control and depression groups before
and after applying the validation labeling.

Validity labeling ACTIVATED
Included participants (n=22)
Exclusion of both SDsVRI > 0.026 and SDsVRI CV > 14

Validity labeling DISABLED
Included participants (n=28)

Characteristic
Control (n=12) Depression t-value p-value Control (n=11) Depression t-value p-value
(n=16) (n=11)
SDNN (ms) 72.27+17.51 83.80+58.88 -0.741  0.468 71.04+17.81 50.26+23.47 2.34 0.03
Heart Rate (bpm) 81.33+9.62 91.69+14.49 -2.141  0.042 81.81+9.94 90.45+17.24 -1.44 0.17
pNNS50 (%) 23.90+16.98 28.31+£31.98 -0.472  0.642 23.32+16.68 14.41£23.28 1.01 0.32
RMSSD (ms) 58.36+29.55 94.52491.44 -1.482  0.155 58.67+30.79 42.96+37.68 1.07 0.30

VLF Power (ms?) 799.71+£552.23  679.94+627.28 0.526  0.604 729.67+£520.27 397.04+207.26 1.97 0.07
LF Power (ms?)  957.51£556.75  1341.89+1838.14 -0.698  0.491 920.92+568.60 631.34+452.05 1.32 0.20
HF Power (ms?)  1470.52+870.40 3586.26+5319.38 -1.563  0.137 1473.394912.83  1084.58+2218.75 0.54 0.60
Total Power (ms?) 3227.74+1693.03 5608.08+7616.87 -1.211  0.243 3123.96+1735.18  2112.96+2554.39  1.09 0.29

LF/HF Ratio 0.91+0.75 1.21£1.11 -0.782  0.441 0.91+0.79 1.61£1.13 -1.69 0.11
LF norm 2.48+0.94 2.83+£2.27 -0.501  0.621 2.40+0.95 1.87+0.73 1.45 0.16
HF norm 8.08+4.99 19.99+29.32 -1.594  0.13 8.17+£5.23 6.21+12.45 0.48 0.64
LF/HF norm 0.51+0.45 0.79+0.84 -1.056 0.3 0.51+0.47 1.10+£0.86 -1.99 0.06
SD1 41.26+20.89 66.83+64.66 -1.482  0.155 41.49+£21.90 30.37+26.64 1.07 0.30
SD2 92.45+19.76 95.14457.55 -0.174  0.864 90.41£19.35 62.95+23.95 2.96 0.01
SD1/SD2 0.43+0.17 0.58+0.29 -1.707 0.1 0.44+0.19 0.45+0.21 -0.11 0.91
SampEn 1.35+£0.36 1.18+0.42 1.091 0.285 1.34+0.38 1.21+0.36 0.79 0.44

Table 3. Comparison of HRV metrics (computed over the total data of the study) between depression and control groups before and after
applying the validation labeling.

Validity labeling ACTIVATED
Included participants (n=46)
Exclusion of both SDsVRI > 0.026 and SDsVRI CV > 14

Validity labeing DISABLED
Included participants (n=62)

Characteristic
Control (n=34) Depression t-value p-value Control (n=26) Depression t-value p-value
(n=28) (n=20)
SDNN (ms) 61.35+£18.53 72.21+48.78 -1.11 0.27 63.18+19.08 56.26+24.25 1.08 0.29
Heart Rate (bpm)  79.4449.36 91.91+12.99 -4.28  0.01 80.34 £9.25 90.95+14.97 -2.78 0.01
PNNS50 (%) 19.91+18.10 22.95427.32 -0.53  0.60 19.81£17.00 16.16+21.44 0.64 0.52
RMSSD (ms) 47.16+£25.26 76.71+75 -1.99  0.06 48.88+25.24 51.214£37.69 -0.25 0.80

VLF Power (ms?) 780.51£517.59  576.72+512.86 1.55 0.13 773.70+543.23 439.68+243.93 2.79 0.01
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Validity labeing DISABLED
Included participants (n=62)

Validity labeling ACTIVATED
Included participants (n=46)
Exclusion of both SDsVRI > 0.026 and SDsVRI CV > 14

Characteristic
Control (n=34) Depression t-value p-value Control (n=26) Depression t-value p-value
(n=28) (n=20)

LF Power (ms?) 827.57+£521.07  1086.51+1508.47 -0.87  0.39 883.99+553.08 744.11+720.61 0.75 0.46
HF Power (ms?) 1026.82+875.75 2361.41+4241.88 -1.64  0.11 1090.334911.96 959.53+1681.84  0.34 0.74
Total Power (ms?) 2634.90+1633.65 4024.63+6059.07 -1.18  0.25 2748.01+1731.55  2143.32+2146.40 1.06 0.30
LF/HF Ratio 1.50+1.27 1.33+0.99 0.59 0.56 1.41£1.17 1.53+£0.96 -0.35  0.73
LF norm 2.28+0.88 2.50+1.97 -0.56  0.58 2.35+0.91 2.06+1.16 0.97 0.34
HF norm 5.63+4.80 13.22423.41 -1.69  0.10 5.97+5.01 5.5149.45 0.21 0.83
LF/HF norm 0.92+0.97 0.91+0.82 0.02 0.99 0.81+0.77 1.01+0.74 -0.85  0.40
SD1 33.35+17.86 54.24+53.03 -1.99  0.06 34.56+17.85 36.21+26.65 -0.25  0.80
SD2 79.25422.51 84.24+48.48 -0.50  0.62 81.71+£22.89 69.39+26.10 1.70 0.10
SD1/SD2 0.41+0.17 0.55+0.27 -2.35 0.02 0.41£0.15 0.49+0.23 -1.43  0.16
SampEn 1.44+0.28 1.19+0.43 2.68 0.01 1.41+0.31 1.16+0.41 2.40 0.02

Next, we show the impact of data reliability in term of validity
labeling, where the detailed results are presented in Table 2 and
Table 3. In left side of Table 2, we present the statistical results
based on the data collected in the early phase of the study (28
participants, left half in Table 2). The right side presents the re-
sults after the validity labeling and throwing away the data with
poor reliability label. As study keeps going, more cases were
added to our data set. Finally, 62 participants were accounted and
46 are kept after the labeling and exclusion, as shown in Table 3.
Such expanded dataset was used to assess whether the observed
effects remain consistent with increased sample size.

From Table 2 and Table 3, we may observe that when va-
lidity labeling was disabled (including the data with all types
of quality), HRV metrics in the depression group appeared
higher level than those in the healthy control group. When the
validity labeling was activated and the low reliability data was
excluded, the statistical results of HRV metrics in the depres-
sion group become lower than in the control group, which was
consistent in trend with most of the previous reports.

This shift suggests that HRV data of poor reliability may
have contributed to error estimation in measurement, partic-
ularly in small sample size. After such validation method
being used, the results aligned more closely with expecta-
tions, highlighting the importance of validation method in
improving the reliability of HRV-based depression analysis.

3.2. Al-based Prediction Results

To evaluate the impact of validity labeling in Al-based de-
pression prediction, we also trained traditional machine learn-
ing models as the benchmarks, including linear regression (LR)
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model, a neural network model of multi-layer perception
(MLP), random forest (RF), and gradient boosting (GB).

The training/evaluation dataset was categorized into four
subsets:

Set 1: The data set with validity labeling DISABLED
(n=28), corresponding to left side of Table 2.

Set 2: The data set with validity labeling DISABLED
(n=62), corresponding to left side of Table 3.

Set 3: The data set with validity labeling ACTIVATED
over Set 1.

Set 4: The data set with validity labeling ACTIVATED
over Set 2.

Different with statistical analysis method, where the data
with poor reliability label is excluded, the Al-based predic-
tion methods can utilize the data of all kinds. To further ver-
ify such idea, we evaluated the prediction accuracy for the
Al-based methods, which are trained to predict whether the
given sample belongs to control group or depression group.

As shown in Table 4, the designed LLM with ICL method
outperformed all benchmarks across different data subsets.
However, the performance of the methods varied between
un-labeled data sets (Set 1, Set 2) and validity-labeled data
sets (Set 3, Set 4).

Table 4. Overall prediction performance over different data sets.

Method Set 1 Set 2 Set 3 Set 4

LR 1 0.6 0.7 0.6


http://www.sciencepg.com/journal/ajcem

American Journal of Clinical and Experimental Medicine

http://www.sciencepg.com/journal/ajcem

Method Set 1 Set 2 Set 3 Set 4
MLP 0.6 0.7 0.6 0.6
GB 0.6 0.7 0.5 0.7
RF 0.9 0.8 0.8 0.7
LLM with ICL (Proposed) 1 0.8 0.7 0.8

Specifically, comparing the results over Set 1 and Set 3, the
LLM’s accuracy dropped from 100% to 70% after introducing
validity labeling. This reduction likely reflects that lacking the
label of noisy or non-stationary data may easily cause overfitting.
In contrast, the comparison of Set 2 vs. Set 4 shows that the stable
accuracy is approximately around 0.8, indicating improved ro-
bustness under broader sample conditions. Furthermore, Set 3 vs.
Set 4 suggests that validity labeling provides consistent perfor-
mance even as the dataset expands. These comparisons demon-
strate that adding the sVRI-based reliability label as a feature en-
hances the prediction model’s stability, interpretability, and
alignment with physiological expectations, especially in Al-driven
depression prediction tasks with small sample size.

Table 5. Ablation study.

Set Set Set Set
Method 1 2 3 4
Fine-tuned prompt + GPT-4 1 06 07 0.6
Simplified prompt + PCA + GPT-4 06 07 06 0.6
Fine-tuned prompt + PCA + GPT-4 1 08 07 08

Further ablation studies (Table 5) show that feature selec-
tion module (i.e., PCA) and fine-tuned prompts significantly
contribute the LLM’s accuracy. Applying PCA increased
accuracy from 0.6 to 0.8 in Set 2 and Set 4, highlighting the
importance of removing redundant features.

Additionally, Table 6 demonstrates the effect of sample size
and feature selection size: Unlike traditional models, increasing
the number of samples did not linearly improve LLM’s accuracy
due to token length limitations. The optimal number of features
was around 5, balancing informativeness and overfitting risks.

Table 6. Impact of sample and feature size.

Number of Samples 10 20 30
LLM with ICL (Proposed) 0.4 0.7 0.6
Number of Features 3 5 10
LLM with ICL (Proposed) 0.7 0.8 0.5
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The above findings suggest that validity labeling improves
Al-driven HRV-based depression prediction. While sample
diversity enhances model generalization, ensuring measure-
ment reliability is crucial for improving prediction accuracy
and aligning Al analysis with the expectations on physiolog-
ical and psychological effects.

4. Discussion

HRV is determined by the periods of time between succes-
sive heart beats, known as RR intervals (named for the
heartbeat’s R-phase) [30]. Although HRV manifests as a
function of heart rate, it actually originates from the nervous
system [31]. The autonomic nervous system is a component
of the peripheral nervous system that regulates the involuntary
aspects of physiology and regulates bodily functions [32]. The
involuntary physiologic processes including heart rate, blood
pressure, respiration, digestion, and sexual arousal. It contains
three anatomically distinct divisions: sympathetic, parasym-
pathetic and enteric [33].

While the Sympathetic and Parasympathetic responses are
one of the stronger influences on HRV, they might not be the
only things that can affect it. There are many factors, when
under mental load states such as stress and fear, relaxation
and cognitive load, tension or exciting events, could cause
HRYV value to change in unexpected ways [34]. If it happens
when someone is having a 5 min ST-HRYV testing, the effects
of momentary states even transient emotional changes are
quite possible to drown out any effect the Sympathetic and
Parasympathetic nervous system has. Thus, false signals are
possibly given off when all subjects remain steady and still
throughout testing. As no method being used to quantify how
strong their impacts are, HRV measurement had sometime
been called a tricky metric. In fact, the imperceptibility of
non-stationarity and unpredictability in noticing a factor for
its HRV outcome highlight the challenges in modelling of
predictive Al

In the context of using HRV analysis for diagnosing and
assessing depression, the resting state throughout testing is of
paramount importance as it more accurately mirrors stress
levels. Therefore, validation strategy is necessarily needed as
a labeling method embedded in HRV analytical system capa-
ble of identifying and rejecting non-stationary recordings in
particular.

The sVRI, a PPG derived parameter representing
beat-to-beat stress-induced vascular response, was employed
in this study to improve model training, particularly at the
very beginning of experiment with small sample size. In this
study, a standardized validation method was proposed, which
had been incorporated within JM2020, the threshold of
standard deviation of sVRI (SDsVRI) and the coefficient of
variation of SDsVRI (SDsVRI CV) had been embedded as
default. By monitoring the standard deviation and its varia-
tions in segments within the 5 min ST-HRV testing process,
the sVRI data demonstrated that quantifying the resting state
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and assessing the results in term of validation label signifi-
cantly improved the modelling accuracy.

5. Conclusions

This study demonstrates that depression is associated with
reduced HRV although small sample size when reliable data
is used, which aligns with findings reported in the literature.
The validity method we introduced, using the beat-to-beat
sVRI derived from PPG signals, played a key role in im-
proving the HRV-based prediction performance. By inte-
grating this validation strategy, we identified and mitigated
the impact of poor quality data which contributed to meas-
urement instability and potential error estimation of HRV in
model training.

Moreover, we investigated the performance of a large
language model (LLM) in depression prediction under con-
ditions of limited sample size. As an effort to rigorously
evaluate the model’s effectiveness, we applied both the vali-
dation strategy as bias control measures and professional
psychiatric supervision to ensure the experiment implement-
ed in accordance with Clinical Practice Guidelines. We pro-
posed an in-context learning (ICL) framework that enables
the LLM to process both linguistic and numerical data for
depression classification. The experimental results demon-
strate that the validation method enhances prediction per-
formance, particularly in conditions of small sample size, by
leveraging validity labeling to refine model learning. In addi-
tion, the improvements in the data analyzing highlight the
potential of sVRI as a robust validity metric for HRV-based
mental health assessments.

Future research should focus on expanding the data sets
with a larger and more diverse sample population, further
validating the role of labeling in both statistical analysis and
predictive Al. Additionally, optimizing feature selection and
refining structured prompts for LLM-based predictions could
enhance model generalization and clinical applicability. As
more validated HRV recordings and psychiatric assessments
accumulate, our proposed framework will continue to evolve,
providing a scalable and effective approach for Al-assisted
depression diagnosis in medical big data applications.

Abbreviations

HRV Heart Rate Variability

PPG Photoplethysmography

ICL In-Context Learning

LLM Large Language Model

sVRI Stress-induced Vascular Response Index

SD Standard Deviation

CvV Coefficient of Variation

ST Short-Term

PHQ Patient Health Questionnaire
BMI Body Mass Index
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SDNN Standard Deviation of NN Intervals

RMSSD  Root Mean Square of Successive RR Interval
Differences

pNNS50  Percentage of Successive NN Intervals That
Differ by More Than 50 ms

VLF Very-Low-Frequency

LF Low-Frequency

HF High-Frequency

SampEn  Sample Entropy

PCA Principal Component Analysis

LR Linear Regression

MLP Multi-layer Perception

RF Random Forest

GB Gradient Boosting
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