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Abstract

Cuffless blood pressure (BP) monitoring using photo-
plethysmography (PPG) is increasingly being integrated
into wearables to track conditions such as hypertension.
However, rather high uncertainty of continuous BP moni-
toring, mainly related with inter-personal variations, lim-
its effective applications. This study aims to propose a
personalized PPG analysis-based method for estimating
cuffless BP and providing its uncertainty bounds. The
PulseDB Vital database consisting of 2938 subjects was
used. A Gaussian Process Regression model was imple-
mented to estimate systolic and diastolic BP from PPG
morphological features. Based on feature ranking, the
pulse duration was found to be the most dominant predic-
tor. The proportion of subjects with a mean absolute error
< 5 mmHg was 28.80% and 60.72% for systolic and di-
astolic BP, respectively. The study demonstrated that the
proposed approach has the potential to estimate trends of
cuffless BP, especially of diastolic BP, and its prediction
uncertainty.

1. Introduction

Cuffless blood pressure (BP) monitoring, which utilizes
photoplethysmography (PPG) to capture volumetric blood
changes, is increasingly being incorporated into wearables
to track conditions such as hypertension [1, 2]. However,
rather high uncertainty of continuous BP monitoring so-
lutions, mainly related with inter-personal variations, lim-
its effective applications. In machine learning, uncertainty
refers to the lack of confidence for each prediction made
by a model. While it is not possible to achieve perfect con-
fidence, understanding and quantifying uncertainty is cru-
cial to improving model performance and clinical decision
making.

There are two types of uncertainty - epistemic and
aleatoric, whereas prediction uncertainty encompasses

both [3]. Epistemic or systematic uncertainty emerges
when a model lacks sufficient knowledge or understand-
ing due to limited training data [3]. To mitigate this type
of uncertainty, providing more additional high-quality la-
beled data can be beneficial. While aleatoric also known
as data or statistical uncertainty captures the inherent ran-
domness in the system, such as sensor noise or natural vari-
ability [3]. Therefore, the poorer the quality of the data, the
greater the aleatoric uncertainty.

This study aims to propose a personalized PPG analysis-
based method for estimating trends of cuffless BP and pro-
viding its prediction uncertainty. The proposed approach
involves the Gaussian Process Regression (GPR) method
[4] for quantifying uncertainty of individual predictions.

2. Material and Methods

2.1. Data

The PulseDB Vital dataset [5] consisting of 2938 non-
cardiac surgery patients was used, containing finger PPG
signals and reference invasive BP measurements. The data
includes patients during perioperative periods, which en-
compass surgical operations. The average age of the sub-
jects was 58.76 ± 15.02 years (54.73% of male) and the
body-mass index was 23.07 ± 3.53 kg/m2. The PPG sig-
nals and continuous BP waveforms were sampled at a rate
of 125 Hz, and segmented into 10-s intervals. The average
duration of the subject signals was 1.38 ± 1.18 h (range
10.08 s - 9.16 h). The PulseDB Vital dataset also pro-
vides labeled fiducial points of BP measurements, which
were used to obtain beat-to-beat systolic (SBP) and dias-
tolic (DBP) BP estimates.

2.2. PPG Processing

The PPG processing algorithm for estimating BP con-
sists of (see Figure 1): (i) PPG preprocessing, (ii) detect-
ing PPG pulse waveforms, (iii) estimating PPG features,
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Figure 1. The block diagram of PPG processing algorithm for estimating BP.

(iv) feature postprocessing, and (v) training a GPR model
to estimate SBP and DBP.

After merging 10-s intervals, the PPG signals were pro-
cessed using a zero-phase fourth-order Butterworth band-
pass filter with a pass-band of 0.4–7 Hz to reduce noise
and improve the detectability of fiducial points. In addi-
tion, the baseline wander removal was performed using
cubic spline interpolation. To identify PPG pulse waves,
the mountaineer’s method for peak detection was used [6].

The time intervals in which PPG features were not esti-
mated, likely due to PPG signal morphology issues, were
filled with the nearest feature value. The estimated PPG
features were also postprocessed with a 20-s moving me-
dian filter to mitigate outliers and reduce aleatoric uncer-
tainty.

2.3. PPG Feature Delineation

To estimate beat-to-beat SBP and DBP trends, 28 PPG
features (see Figure 2) were assessed based on pulse mor-
phology analysis [7,8]. The estimated PPG pulse wave fea-
tures involve: (i) amplitude-related: the first and the sec-
ond systolic peaks of PPG, P1 and P2; the diastolic peak
of PPG, P3; the ratio P2/P1, the reflection index (RI) -
P3/P1; and the augmentation index (AI) - (P1 – P3)/P1;
(ii) time-related: the pulse duration, Tp; the duration of
diastole, Td; the duration of systole, T1; the time interval
from the P1 to the P3, ∆t; (iii) area-related: the systolic
area, A1; the diastolic area, A2; the inflection point area
ratio (IPA) - A2/A1; the inflection point area plus the d
wave amplitude of the second PPG derivative, IPAD.

Furthermore, the PPG second derivative features were
analyzed: (i) amplitude-related: the ratios of the second
PPG derivative waveform amplitudes - b/a, c/a, d/a, and
e/a, the cardiovascular aging index (AGI) - (b-c-d-e)/a,
calculated from the second PPG derivative waveform am-
plitudes and used for arterial stiffness estimation, the in-
terval aging index (AGIint) - (b-e)/a, the modified aging
index (AGImod) - (b-c-d)/a; (ii) time-related: time inter-
vals tb−a, tb−c, and tb−d; (iii) slope coefficients, Sb−c and

Sb−d, of the straight lines between amplitudes of b and c,
and b and d waves, respectively. Additionally, two statisti-
cal features from PPG pulse waveforms were estimated –
skewness, S, and kurtosis, K.
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Figure 2. The PPG feature delineation based on fiducial
points of the second PPG derivative, PPG′′.

2.4. Feature Selection and GPR Model for
BP Estimation

The PPG features for estimating BP were ranked using
the Minimum Redundancy Maximum Relevance (MRMR)
algorithm [9]. BP was estimated in two scenarios: (i) −FS
- without feature selection and using all 28 predictors, and
(ii) +FS - including feature selection and using the five
predictors with the highest importance scores.

The hyperparameters of the GPR model were deter-
mined via a person-specific method [1] by training the
model for each subject individually from simultaneous
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Figure 3. The importance scores of PPG features for estimating (a) SBP and (b) DBP. The example of person-specific
estimated SBP and DBP trends with uncertainty bounds (95% prediction intervals) using training-testing data splits of
(c-d) 1:4 and (e-f) 4:1. (g-i) The distributions of uncertainty metrics and MAE with the estimated matched-pairs rc values
between −FS (without feature selection and using 28 predictors) and +FS (with feature selection and using the five most
important predictors) groups, when using a data split of 4:1; p < 0.05 is marked ∗. (j) The proportions of subjects grading
MAE according to IEEE standard [11]: Grade A (G-A) - MAE < 5 mmHg, Grade B (G-B) - 5 mmHg ≤ MAE < 6 mmHg,
Grade C (G-C) - 6 mmHg ≤ MAE < 7 mmHg, and Grade D (G-D) - MAE ≥ 7 mmHg.

measurements of PPG features and cuff BP. The fully in-
dependent conditional approximation method was used to
make predictions from the GPR model given the hyperpa-
rameters. The squared exponential kernel was selected for
the covariance function. In addition, the limited-memory
Broyden-Fletcher-Goldfarb-Shanno optimizer was used
for hyperparameter estimation.

2.5. Uncertainty Evaluation and Statistical
Analysis

To evaluate the performance of the implemented
method, the mean absolute error (MAE) was calculated.
The segment with the largest BP change was selected for
training. The performance was assessed when using a
training-testing data split of 4:1 in order to mitigate epis-
temic uncertainty (see Figure 3 (c-f)).

The uncertainty of individual predictions was quanti-
fied using 95% prediction intervals estimated by the GPR

model. For this purpose, two uncertainty metrics were pro-
posed - mean prediction interval width, PIWmean, and the
standard deviation of prediction interval width, PIWstd.

In this study, the uncertainty metrics and MAE were
compared between: (i) SBP and DBP, and (ii) −FS and
+FS predictions. The Anderson-Darling test indicated
that the obtained data does not follow a Gaussian distri-
bution. The non-parametric paired Wilcoxon signed rank
test was used to test a statistical significance (α = 0.95) be-
tween analyzed distributions. Additionally, the effect size
was calculated using the matched-pairs rank-biserial cor-
relation coefficient, rc.

3. Results

The MRMR algorithm-based feature ranking showed
that the most important predictors for estimating both SBP
and DBP are: the pulse duration, Tp, kurtosis, K, skew-
ness, S, the time interval between b and c waves of the
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PPG second derivative, tb−c, and the time interval between
systolic and diastolic peaks of the PPG, ∆t (see Figure 3
(a-b)).

For DBP, the uncertainty metrics and MAE were signif-
icantly lower compared to SBP (p < 0.01, matched-pairs
rc > 0.80). Additionally, MAE grading according to IEEE
standard showed that the proportion of subjects with MAE
< 5 mmHg was 28.80% for SBP, and 60.72% for DBP (see
Figure 3 (j)).

In terms of differences between −FS and +FS predic-
tions, we can see that reducing the number of input features
by using only the most important ones does not have a very
large effect (rc < 0.50) on MAE (see Figure 3 (i)). How-
ever, the uncertainty metrics, PIWmean andPIWstd, tend
to increase more significantly (rc > 0.50) as the number of
input features decreases (see Figure 3 (g-h)).

4. Discussion and Conclusion

The study aimed to propose and investigate a person-
alized PPG analysis-based method for estimating cuffless
BP and providing its prediction uncertainty. Based on PPG
feature ranking, the pulse duration, Tp, was found to be
the most dominant predictor, whereas an other study [10]
examined that kurtosis had the highest importance score.
Our analysis also showed that pulse wave statistical fea-
tures such as kurtosis and skewness were significantly rel-
evant for estimating BP. However, it is worth emphasizing
that reducing the number of model predictors could lead
to a crucial increase in prediction uncertainty, despite the
minimal change in performance. Therefore, the number of
predictors should be chosen according to the desired con-
fidence and accuracy of the estimation.

The performance analysis demonstrated that PPG-based
estimation of DBP was more accurate and less uncertain
than SBP. This could be due to factors such as pulse pres-
sure variability and higher absolute values than those ob-
served for DBP. The study [12] found that high DBP is
more critical than SBP for predicting new-onset hyperten-
sion in younger adults with normal or high-normal BP.
Therefore, robust DBP monitoring is crucial.

In this study, the hyperparameters of the model were
personalized. Future work could explore population-based
and hybrid approaches [1] for hyperparameter determina-
tion and benchmarking might be performed. In conclusion,
the proposed method has the potential to estimate trends
of cuffless BP, especially of DBP, and its prediction uncer-
tainty.
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