
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053
054

Stabilizing PPG-based Blood Pressure Estimation
through Global-to-Personalized Learning
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Abstract

This study investigates the limitations of subject-
dependent models for PPG-based blood pressure
estimation and proposes a population-level pre-
training and fine-tuning strategy. Due to limited
subject-specific data, conventional models show
high inter-subject variability and unstable perfor-
mance. To address this, a population-level model
was first trained on stable subjects and then fine-
tuned on subjects with unstable estimations. The
proposed approach reduced the mean absolute er-
ror of systolic blood pressure (SBP) from 15.79
to 4.85 mmHg and diastolic blood pressure (DBP)
from 4.98 to 3.14 mmHg. These results demon-
strate significantly improved estimation stability
compared to purely subject-dependent training.

1. Introduction
Blood pressure (BP) is a key physiological marker associ-
ated with severe complications such as cardiovascular dis-
ease and renal failure, and hypertension remains a leading
cause of mortality worldwide (Elsayed et al., 2025). Contin-
uous BP monitoring is therefore essential for early detection
and chronic disease management.

However, BP fluctuates continuously due to physical activ-
ity, sleep, and posture (Morris et al., 2013). Conventional
cuff-based sphygmomanometers measure BP intermittently
via arm compression, causing discomfort (Pilz et al., 2024)
and limiting continuous monitoring.

To address these limitations, wearable-based approaches
using photoplethysmography (PPG) have gained attention.
PPG measures peripheral blood flow using optical sensors
and offers advantages in simplicity, portability, and cost-
effectiveness (Chen et al., 2024).
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Despite its potential, PPG-based BP estimation is challenged
by substantial inter-subject variability. PPG waveforms dif-
fer across individuals due to physiological factors (e.g., vas-
cular properties, age) and personal characteristics (e.g., skin
properties and measurement sites) (Elgendi et al., 2024),
leading to inconsistent mappings between waveform pat-
terns and BP.

As a result, population-level models trained on pooled data
often suffer performance degradation (Zhang et al., 2020),
while subject-dependent models are limited by insufficient
or biased individual data (González et al., 2023).

In this study, we examine these approaches from a continu-
ous learning perspective:

• We interpret population-level and subject-dependent
learning as complementary stages rather than indepen-
dent alternatives.

• Under equal data conditions, we compare models ini-
tialized from population-level training with purely
subject-dependent models.

• We focus on experimentally analyzing their predictive
characteristics and stability without introducing new
algorithms.

2. Related Work
2.1. Physics-based (PTT-based) BP Estimation

Early studies on noninvasive BP estimation leveraged the
relationship between pulse wave velocity (PWV) and blood
pressure. PWV increases with BP due to vascular stiffening
(Ma et al., 2018), but its direct measurement is impractical.
As a result, pulse transit time (PTT), an indirect surrogate
inversely related to PWV, has been widely used (Choi et al.,
2004). PTT is typically derived from ECG-PPG pairs or
dual PPG signals and regressed against BP (Wang et al.,
2014; Ding et al., 2017; Ghosh et al., 2016).

Despite its physiological interpretability, this approach
shows limited inter-subject generalization (Butlin et al.,
2018), requires per-subject calibration (Mukkamala et al.,
2015), and struggles to capture long-term trends or rapid
hemodynamic changes.
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2.2. Machine Learning with Hand-crafted PPG Features

To overcome limitations of PTT-based methods, subsequent
studies extracted temporal and morphological features from
PPG signals and applied machine learning models (Zhang
& Feng, 2017; Hasanzadeh et al., 2019). These features
include waveform slope, amplitude, area, and derivatives.

However, such approaches remain sensitive to inter-subject
variability. Age-related vascular changes and sensor con-
ditions significantly alter waveform morphology, affecting
feature consistency (Yousef et al., 2012; Ho et al., 2025).
Consequently, hand-crafted features are often unstable and
fail to generalize across subjects and measurement condi-
tions.

2.3. Deep Learning-based End-to-End BP Estimation

Recent work has adopted deep learning models to estimate
BP directly from raw PPG signals (Hong et al., 2021; Kha-
jehpiri et al., 2024). These approaches eliminate manual
feature design and learn representations directly from data.

Nevertheless, their performance is highly dependent on data
availability. With limited subject-specific data, models often
fail to capture individual PPG–BP relationships, resulting
in unstable and variable performance.

3. Method
3.1. Problem Setup and Notation

We address the regression task of estimating systolic and
diastolic blood pressure (SBP/DBP) from 10-second PPG
signals.

3.2. Network Architecture

We employ a CNN–BiLSTM–Attention–FC architecture
(Table 4). CNN layers extract local waveform features,
BiLSTM captures temporal dependencies, and attention
highlights informative segments. The final representation is
mapped to SBP and DBP via fully connected layers.

3.3. Subject-dependent Model (SD)

SD models are trained independently for each subject us-
ing 5-fold cross-validation, with predictions ensembled for
evaluation. Subjects are classified as unstable based on high
mean absolute error (MAE) and reduced variance ratio be-
tween predicted and reference BP, indicating poor tracking
of BP variability.

3.4. Subject-independent Model (Global BP)

The Global BP model is trained on pooled data from
estimation-stable subjects to learn population-level PPG–BP

relationships. To reduce subject bias, 10% of data per sub-
ject is randomly sampled. This model serves as both a
baseline for unseen subjects and an initialization for person-
alization.

3.5. Fine-tuned Model (FT)

For estimation-unstable subjects, the Global BP model is
fine-tuned using subject-specific data. CNN layers are
frozen, while BiLSTM, attention, and fully connected layers
are updated. This enables personalization while preserving
population-level representations.

4. Experiments
4.1. Datasets and Preprocessing

4.1.1. DATASET

This study utilizes the MIMIC Database (Moody & Mark,
1992), which contains multi-channel physiological signals
collected from patients admitted to the intensive care unit
(ICU) at Beth Israel Deaconess Medical Center. It in-
cludes PPG, arterial blood pressure (ABP), electrocardio-
gram (ECG), and other vital signals. Only records contain-
ing simultaneously acquired PPG and ABP signals were
selected for analysis.

4.1.2. PREPROCESSING

PPG and ABP signals were segmented into non-overlapping
10-second windows. Signal quality was assessed using the
minimum standard deviation (θstd) computed from short
sliding windows within each segment. Segments with
θstd < 1 × 10−2 were discarded due to insufficient pul-
satility.

Valid segments were filtered using a 4th-order Butterworth
bandpass filter (0.5–8 Hz) to remove noise (Ezzat et al.,
2023). SBP and DBP labels were extracted from ABP wave-
forms as local maxima and the minima between adjacent
peaks, respectively. Z-score–based outlier removal (z =
2.0) and physiological constraints (SBP: 60–200 mmHg,
DBP: 30–120 mmHg) were applied.After preprocessing, 57
records with over 1,000 valid segments were retained.

4.2. Experimental Protocol

All valid segments were split into training and test sets with
an 8:2 ratio, consistently applied across all experiments.

Normalization was performed differently depending on the
setting. In subject-dependent experiments, Z-score normal-
ization was computed from each subject’s training data and
applied to its test data. For Global BP and fine-tuning exper-
iments, 45 subjects were used for training, 5 for validation,
and 7 unstable subjects for testing. Normalization parame-
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Table 1. Comparison with existing studies on blood pressure estimation using PPG.

Ref. Cross-subject train Subject FT Performance (MAE, mmHg)

SBP DBP

(Hong et al., 2021) O O 9.49 5.54
(Slapničar et al., 2019) O X 9.43 6.88
(Khajehpiri et al., 2024) O O 7.20 5.70

Ours O O 4.85± 1.55 3.14± 0.99

ters were computed from training subjects only and applied
to validation and test subjects.

Subject-dependent models were trained and evaluated on the
same subject. The Global BP model was trained on training
subjects and evaluated on unseen subjects. For fine-tuning,
the Global BP model was adapted to each test subject using
subject-specific training data.

All models were optimized using the Huber loss. Training
hyperparameters are summarized in Table 3.

4.3. Evaluation Metrics

In this study, we evaluated blood pressure estimation perfor-
mance using mean absolute error (MAE), root mean square
error (RMSE), and Pearson correlation coefficient r as pri-
mary metrics. All metrics were first computed at the record
level rather than the segment level. For qualitative analysis,
we visualized the relationship between estimations and ref-
erences via scatter plots and presented Bland–Altman plots
to examine estimation error distributions and systematic
biases.

4.4. Main Results

Table 1 compares this study with prior PPG-based blood
pressure estimation research across training strategies, per-
sonalization, evaluation methods, and performance. Some
studies (Hong et al., 2021; Khajehpiri et al., 2024) employed
fine-tuning of other-subject-trained models with personal
data, while other evaluated population-level models without
personalization (Slapničar et al., 2019).

Previous work has reported SBP MAE values in the range
of 7–9 mmHg and DBP MAE values of 5–7 mmHg across
diverse datasets and evaluation settings. Although direct
numerical comparisons are inherently limited due to dif-
ferences in data composition and evaluation protocols, our
approach achieved stable estimation performance of 4.85
± 1.55 mmHg for SBP and 3.14 ± 0.99 mmHg for DBP by
fine-tuning the Global BP model with limited personal data
for subjects exhibiting estimation instability.

These results indicate that integrating population-level rep-
resentations with targeted personalized fine-tuning provides
an effective strategy for improving PPG-based blood pres-

sure estimation.

4.5. Subject-Level Performance Analysis

Table 2 presents subject-level comparisons illustrating the
effects of subject-specific fine-tuning. After fine-tuning,
both MAE and RMSE decreased across all subjects, with
SBP MAE reductions exceeding 10 mmHg for several sub-
jects. Pearson correlation coefficients (r) also increased for
every subject. Notably, subjects that exhibited low or neg-
ative correlation under subject-dependent models showed
a markedly improved linear relationship between predicted
and reference blood pressure after fine-tuning.

Paired comparisons conducted on the same seven subjects
revealed statistically significant improvements of the fine-
tuned model over the subject-dependent model across all
evaluation metrics, including SBP/DBP MAE, RMSE, and
r, as confirmed by a Wilcoxon signed-rank test (p = 0.0156).

5. Conclusion
In this study, we demonstrated that subject-specific fine-
tuning based on a Global BP model can effectively capture
individual PPG–blood pressure relationships even under
limited personal data conditions. Experimental results show
that the proposed approach substantially improves estima-
tion stability compared to both population-level models and
purely subject-dependent models. In particular, fine-tuning
markedly alleviates flattened estimations that are insensitive
to blood pressure variations, enabling more faithful tracking
of true blood pressure dynamics.

These findings suggest that estimation instability arising
from training solely on personal data can be mitigated by
adapting a model pre-trained on data from multiple subjects
to individual characteristics. Beyond reducing average esti-
mation errors, this adaptation also improves the structural
fidelity of the predicted blood pressure trajectories.

Despite these promising results, several limitations remain.
First, the experiments were conducted using a single dataset,
which limits generalizability. Future studies should there-
fore evaluate the proposed method across multiple datasets
with diverse sensor configurations and population groups.
Second, for a subset of subjects, estimation errors in terms
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Table 2. Subject-level comparison of SBP and DBP estimation performance between subject-dependent (SD) and fine-tuned (FT) models.
∆ denotes performance improvement after fine-tuning.

Subject

Performance Metrics

MAE (mmHg) RMSE (mmHg) Pearson Correlation (r)

SBP DBP SBP DBP SBP DBP

SD FT ∆ SD FT ∆ SD FT ∆ SD FT ∆ SD FT ∆ SD FT ∆

211 18.68 8.08 10.59 5.70 3.09 2.62 22.45 11.12 11.33 6.96 4.54 2.43 0.06 0.88 0.82 0.03 0.77 0.74
221 5.84 4.62 1.22 5.18 3.84 1.34 7.70 6.02 1.68 6.55 4.83 1.73 0.28 0.68 0.40 0.42 0.72 0.31
230 12.81 3.35 9.46 6.20 2.11 4.09 15.19 4.29 10.90 7.52 2.73 4.79 0.57 0.96 0.39 0.60 0.94 0.34
240 27.42 3.72 23.70 6.55 4.68 1.87 29.82 5.11 24.71 7.95 5.87 2.08 0.07 0.90 0.84 0.27 0.69 0.42
248 7.67 5.12 2.55 2.76 2.50 0.26 9.53 6.70 2.83 3.79 3.33 0.46 0.26 0.70 0.44 0.11 0.45 0.34
260 14.41 4.70 9.71 4.23 2.05 2.19 16.37 6.83 9.54 5.24 2.88 2.36 -0.15 0.89 1.04 0.39 0.83 0.44
417 23.67 4.38 19.29 4.24 3.74 0.50 24.55 5.54 19.01 5.53 4.92 0.61 -0.20 0.46 0.65 -0.04 0.29 0.32

of MAE and RMSE remained relatively high even after fine-
tuning. Third, subject selection and fine-tuning strategies
relied on simple rule-based criteria, leaving room for more
adaptive and data-driven personalization methods.

Future work will focus on improving generalizability
through cross-dataset validation and on conducting finer-
grained analyses of subjects exhibiting persistent estima-
tion instability. In addition, adaptive personalization strate-
gies—such as dynamically adjusting fine-tuning ranges or
layer-wise learning rates based on individual data character-
istics—will be explored to achieve more stable and reliable
cuffless blood pressure monitoring across diverse users.

Impact Statement
This work aims to advance machine learning methods for
non-invasive blood pressure estimation using physiological
signals. Improved stability and personalization of blood
pressure estimation models may contribute to earlier de-
tection and monitoring of cardiovascular risk, potentially
supporting clinical decision-making and long-term health
management.

At the same time, inaccurate or misinterpreted estimations
could lead to inappropriate health-related decisions if such
systems are used without proper clinical oversight. There-
fore, this work is intended as a supportive tool rather than a
replacement for standard medical measurement or diagno-
sis.

We acknowledge the importance of responsible deployment,
data privacy, and careful validation in diverse populations
before real-world use. We do not foresee significant negative
societal impacts beyond those commonly associated with
medical machine learning systems when used appropriately.
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A. Training Configurations
A.1. Model Training Setup

Table 3. Training configurations for subject-dependent, Global BP pre-training, and Global BP fine-tuning models.

Configuration Subject-Dependent GlobalBP Pre-training GlobalBP Fine-tuning

k-fold 5 – 5
Epochs 50 100 30
Batch size 32 64 16
Early stopping (patience) 7 10 7
Learning rate 1× 10−3 1× 10−3 5× 10−4

The training configurations were designed to reflect the distinct roles of each learning strategy while maintaining stable
and efficient optimization. The subject-dependent (SD) models were trained using 5-fold cross-validation to ensure robust
evaluation under limited subject-specific data.

For the Global BP pre-training, a larger batch size and increased number of epochs were adopted to facilitate stable learning
of population-level representations from diverse subjects. In contrast, the fine-tuning (FT) stage used fewer epochs and a
smaller batch size to enable efficient adaptation to subject-specific characteristics without overfitting.

Different early stopping criteria were applied to balance training stability and generalization across settings. Additionally, a
reduced learning rate was used during fine-tuning to allow gradual adaptation while preserving the pretrained representations.

A.2. Model Architecture

Table 4. Network architecture of the proposed CNN–BiLSTM–Attention model for blood pressure estimation.

Block Layer / Operation Output Dimension Remarks

Input Raw PPG segment (B, 1, 1250) 10-second PPG window

CNN Feature Extractor
Conv1D (k = 7, s = 2) + BN + ReLU (B, 32, 625) Temporal downsampling
Conv1D (k = 5, s = 2) + BN + ReLU (B, 64, 313) Hierarchical feature learning
Conv1D (k = 3, s = 2) + BN + ReLU (B, 128, 156) Local morphology encoding

Temporal Modeling 2-layer BiLSTM (h = 128) (B, 156, 256) Bidirectional temporal dependency
LayerNorm (B, 156, 256) Sequence-level stabilization

Attention Scaled Additive Attention (B, 256) Learnable temperature, temporal weighting

Shared FC Head FC (256 → 64) + LN + Tanh (B, 64) Bounded latent representation
Dropout (B, 64) Regularization

Output Heads FC (64 → 1) × 2 (B, 2) SBP and DBP estimation

The network architecture is designed to capture both local morphological patterns and long-range temporal dependencies in
PPG signals. The CNN feature extractor performs hierarchical temporal downsampling while encoding local waveform
characteristics. The BiLSTM layer models bidirectional temporal dependencies to capture sequential dynamics across the
signal.

An attention mechanism is applied to emphasize informative temporal segments, enabling adaptive weighting of features
relevant to blood pressure estimation. The shared fully connected head projects the learned representation into a compact
latent space, with layer normalization and nonlinear activation improving stability and expressiveness.

Finally, separate output heads are used to jointly estimate systolic and diastolic blood pressure (SBP and DBP), allowing the
model to share representations while learning task-specific mappings.
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B. Effect of Fine-Tuning Data Ratio on Prediction Performance
B.1. Population-Level Analysis

Figure 1. Distribution of estimation performance metrics (MAE, RMSE, and Pearson correlation coefficient) across different fine-tuning
data ratios. Boxplots summarize population-level performance for the subject-dependent (SD) model and fine-tuned models using
increasing proportions of subject-specific data (10%, 20%, 50%, and 100%). (a) SBP; (b) DBP.

Figure 1 presents the population-level distribution of blood pressure estimation performance across different fine-tuning data
ratios. The boxplots compare the subject-dependent (SD) model with fine-tuned models using increasing proportions of
subject-specific data (10%, 20%, 50%, and 100%) for both SBP and DBP.

Overall, the SD model shows relatively large MAE and RMSE values, with a wide distribution across subjects, indicating
substantial variability in estimation performance. In contrast, fine-tuning from the population-level model substantially
reduces MAE and RMSE, even when only 10% of the subject-specific data is used. As the fine-tuning data ratio increases,
the error metrics further decrease and gradually stabilize, suggesting that additional personal data provides diminishing
gains beyond a certain point.

For the Pearson correlation coefficient (r), the fine-tuned models generally show higher values than the SD model. This
indicates that population-level initialization improves the ability to track blood pressure variability across subjects, in
addition to reducing absolute estimation errors. The improvement in r is particularly evident in the early fine-tuning stages
and tends to stabilize as more subject-specific data is used.

Overall, these results demonstrate that fine-tuning initialized from population-level learning can improve both estimation
accuracy and stability under limited subject-specific data conditions, compared with purely subject-dependent learning.
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B.2. Subject-Level Analysis

Figure 2. Subject-level trends of systolic blood pressure (SBP) estimation performance across different fine-tuning data ratios. For each
subject, the left, middle, and right panels show MAE, RMSE, and Pearson correlation coefficient (r), respectively, for the subject-dependent
(SD) model and fine-tuned models using increasing proportions of subject-specific data (10%, 20%, 50%, and 100%).

Figure 2 shows subject-level changes in SBP estimation performance with increasing fine-tuning data ratios for unstable
subjects. The subject-dependent (SD) model exhibits large MAE and RMSE with high variability, and in some cases very
low Pearson correlation, indicating poor tracking of BP variability. In contrast, fine-tuning rapidly reduces MAE and RMSE
for most subjects, with substantial improvements observed even with 10% of personal data. Performance generally stabilizes
beyond a 20% data ratio, with diminishing returns from additional data.

For the Pearson correlation coefficient (r), sharp improvements are observed in early fine-tuning stages, suggesting that
variability tracking is restored prior to reductions in absolute error. As the data ratio increases, r further improves or
stabilizes, indicating enhanced consistency and stability.

Figure 3. Subject-level trends of systolic blood pressure (DBP) estimation performance across different fine-tuning data ratios. For each
subject, the left, middle, and right panels show MAE, RMSE, and Pearson correlation coefficient (r), respectively, for the subject-dependent
(SD) model and fine-tuned models using increasing proportions of subject-specific data (10%, 20%, 50%, and 100%).

Figure 3 shows subject-level changes in DBP estimation performance with increasing fine-tuning data ratios for unstable
subjects. The subject-dependent (SD) model generally exhibits relatively small MAE and RMSE, but low Pearson correlation
(r) for some subjects, indicating insufficient tracking of DBP variability. Fine-tuning gradually reduces MAE and RMSE for
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most subjects. Although the magnitude of error reduction is smaller than in SBP, both error and variability consistently
decrease as the data ratio increases, showing stable convergence.

For the Pearson correlation coefficient (r), sharp improvements are observed in early fine-tuning stages, suggesting that
variability tracking is restored prior to reductions in absolute error. As the data ratio increases, r further improves or
stabilizes, indicating enhanced consistency and reliability.

C. Subject-Level Scatter and Bland–Altman Analysis
This section presents subject-level scatter and Bland–Altman analyses comparing the subject-dependent (SD) and fine-tuned
(FT) models. Because the distributions of SBP and DBP in the test data vary substantially across subjects, scatter plots alone
are insufficient to fully interpret estimation behavior. Therefore, the test data distributions are presented alongside the scatter
and Bland–Altman plots to provide clearer context for subject-specific estimation characteristics.

Figure 4. Estimation behavior for Subject 211. Scatter plots, Bland–Altman plots, and BP histograms from left to right. SD: subject-
dependent model; FT: fine-tuned model; FT100: fine-tuned using the same amount of subject-specific data as SD.

Figure 5. Estimation behavior for Subject 221. Scatter plots, Bland–Altman plots, and BP histograms from left to right. SD: subject-
dependent model; FT: fine-tuned model; FT100: fine-tuned using the same amount of subject-specific data as SD.
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Figure 6. Estimation behavior for Subject 230. Scatter plots, Bland–Altman plots, and BP histograms from left to right. SD: subject-
dependent model; FT: fine-tuned model; FT100: fine-tuned using the same amount of subject-specific data as SD.

Figure 7. Estimation behavior for Subject 240. Scatter plots, Bland–Altman plots, and BP histograms from left to right. SD: subject-
dependent model; FT: fine-tuned model; FT100: fine-tuned using the same amount of subject-specific data as SD.

Figure 8. Estimation behavior for Subject 248. Scatter plots, Bland–Altman plots, and BP histograms from left to right. SD: subject-
dependent model; FT: fine-tuned model; FT100: fine-tuned using the same amount of subject-specific data as SD.
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Figure 9. Estimation behavior for Subject 260. Scatter plots, Bland–Altman plots, and BP histograms from left to right. SD: subject-
dependent model; FT: fine-tuned model; FT100: fine-tuned using the same amount of subject-specific data as SD.

Figure 10. Estimation behavior for Subject 417. Scatter plots, Bland–Altman plots, and BP histograms from left to right. SD: subject-
dependent model; FT: fine-tuned model; FT100: fine-tuned using the same amount of subject-specific data as SD.
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