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Abstract

Photoplethysmography (PPG)-based blood pressure (BP) estima-
tion remains challenging due to inherent signal variability and the
indirect nature of the measurement. However, although BP predic-
tion is a high-stakes domain where accuracy is crucial, existing
studies often overlook multimodal data that is commonly available
in real-world healthcare scenarios, thereby limiting estimation ac-
curacy. To address this gap, we introduce the Signal-driven and
Demographic-Clinical Attribute dataset for BP Estimation (SABP),
which integrates diverse modalities, including physiological signals,
structured clinical attributes, and disease-related medical text, to
comprehensively capture causally linked factors related to BP. The
multimodal nature of SABP facilitates a deeper understanding of
complex interactions between BP and various clinical attributes
across different data modalities. However, modeling these inter-
actions can be challenging due to unobserved variables or hidden
confounders that potentially bias the underlying interaction of BP
and PPG waveforms. To mitigate this issue, we propose the Causal-
aware Blood Pressure Estimator (CBPE). CBPE leverages a Varia-
tional Autoencoder (VAE) to infer latent representations of hidden
confounders, thereby improving the accuracy and robustness of BP
estimation by effectively reducing hidden confounding effects. To
complement model evaluation, we introduce the Group Loss Consis-
tency (GLC) metric, which jointly assesses predictive performance

“Corresponding author

This work is licensed under a Creative Commons Attribution 4.0 International License.
SAC °26, Thessaloniki, Greece

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2294-3/2026/03

https://doi.org/10.1145/3748522.3780020

Kyungwoo Song”
kyungwoo.song@yonsei.ac.kr
Yonsei University
Seoul, Korea

and fairness across different BP groups. Unlike traditional error met-
rics, GLC explicitly penalizes performance disparities, encouraging
reliable estimation across patient categories. Experimental results
show that CBPE achieves competitive BP prediction accuracy while
demonstrating superior robustness to subgroup bias and perfor-
mance degradation under challenging conditions. Reproducible
materials are available at https://github.com/MLAI-Yonsei/CBPE
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1 Introduction

Hypertension and hypotension pose serious health risks, emphasiz-
ing the need for regular blood pressure (BP) monitoring for early
detection and intervention [1]. Photoplethysmography (PPG) is a
convenient and non-invasive method for indirectly measuring BP,
but it struggles to deliver accurate measurements of systolic BP
(SBP) and diastolic BP (DBP). As a result, improving BP prediction
precision from PPG signals has become an active area of research [2,
3]. Relying solely on PPG signals is insufficient for accurate BP es-
timation, as various physiological factors can affect both PPG and
BP. For instance, conditions like cardiac arrhythmia or respiratory
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Figure 1: Overview of CBPE: We first discover a causal graph from the SABP multimodal dataset, identifying observed factors
related to blood pressure (BP). To account for hidden confounders, CBPE augments the graph with a latent variable and
estimates BP using a multimodal variational autoencoder that integrates signal, tabular, and text representations. Text modality
refers to the DRG/ICD-9 code description, reflecting disease and clinical status information. For each patient, DRG or ICD-9
codes related to confounders and parents of y are merged into a single textual description, which is embedded using a text
embedding model and concatenated with the other modalities to form the model input.

failure may act as confounders, distorting their relationship. Con-
founders that induce spurious correlations are a critical reason why
estimators tend to be biased toward major groups or features, and
why they often exhibit poor generalization under distribution shifts
or in out-of-distribution settings [4, 5]. Our experimental results
show that baselines that do not consider causal features yield less
consistent performance across blood pressure groups. To address
this, we first advance BP estimation by leveraging features that
directly exert a causal effect on it. Building upon this, we further
tackle the challenge that not all confounders are observable in
practice, as prediction bias from unmeasured variables may still
persist.

Accordingly, our second objective is to improve the precision
of BP prediction by inferring hidden confounders from observable
variables. For instance, the degree of stress serves as a factor in-
fluencing BP variations and can act as a confounder for both PPG
and BP measurements. Furthermore, stress levels are one of the
potential causes of cardiac arrhythmia and respiratory failure. As
such, information related to these diseases can be utilized as proxies
to estimate a hidden confounder, such as stress levels.

Existing benchmark datasets provide preprocessed PPG signals
but lack rich clinical attributes [6, 7, 8, 9], whereas clinical databases
such as MIMIC-III [10] offer detailed patient information but lack
processed PPG data, limiting their use for BP modeling. To bridge
this gap, we construct the Signal-driven and Demographic-Clinical
Attribute dataset for BP Estimation (SABP) by integrating MIMIC-III
with PulseDB [9]. SABP combines PPG signals with diverse clinical
attributes relevant to BP estimation, enabling causal analysis of de-
pendencies among BP, PPG, and patient attributes. However, simply
incorporating causally related attributes yields limited performance
gains.

Consequently, we hypothesize that hidden confounders influ-
encing BP also bias BP estimators. To address this, we propose the
novel framework, Causal-aware Blood Pressure Estimator (CBPE),
which integrates PPG signals, clinical attributes, and a latent rep-
resentation of hidden confounders inferred via a VAE [11]. The
inferred latents are fused with PPG and BP-causal attributes to im-
prove estimation. Extensive experiments show that CBPE achieves
higher accuracy and robustness to data imbalance while main-
taining consistent performance across BP groups—outperforming
conventional methods in both stability and precision. Figure 1 il-
lustrates the framework, including confounder inference and final
BP prediction.

Conventional metrics such as MAE and RMSE measure overall
accuracy but overlook disparities across BP groups. To ensure fair
and consistent evaluation, we introduce the Group Loss Consis-
tency (GLC) metric, which jointly captures accuracy and fairness
by penalizing group-level performance imbalance.

2 Related works

2.1 Blood Pressure Estimation via
Photoplethysmography

Recent studies have highlighted the strong link between PPG signals
and blood pressure (BP) estimation, adopting various signal-based
modeling approaches [12, 13]. Common methods treat PPG as a
time-series input and employ forecasting or deep feature extractors
such as TimeMixer [14], ResNet1D, MLP-BP [3], and SpectroRes-
Net [15], as reported in benchmark analyses [16]. Few-shot trans-
fer strategies, such as GloGen’s dual-prompt framework [2], have
been proposed to improve generalization. Meanwhile, multimodal
approaches combining PPG with additional variables leverage in-
ductive biases between physiological and demographic factors [17,
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Figure 2: Construction and splitting of the SABP dataset. The
dataset is built by integrating MIMIC-III clinical records with
PulseDB physiological signals and is split into two stages to
group by subject while preserving balanced blood pressure
categories for generalizable evaluation.

18], with HGCTNet [18] fusing PPG, ECG, and pulse pressure wave-
forms to derive pulse transit time features. In addition, some studies
have explored causal graph discovery for BP estimation by analyz-
ing PPG signals [19]. However, these approaches focus on extracting
features from PPG and inferring their causal relationships with BP,
without considering various attributes of the patient.

2.2 Causal graph discovery

Causality represents the relationship in which one variable affects
another [20, 21, 22], and is often modeled using causal graphs, specif-
ically Directed Acyclic Graphs (DAGs) that characterize the causal
dependencies between variables. Causal graph discovery aims to
learn such structures from observed data and can be broadly cate-
gorized into constraint-based [23, 24] and score-based methods [25,
26, 27, 28].

Score-based approaches formulate discovery as an optimiza-
tion problem, identifying the graph structure that maximizes a
predefined scoring metric. Recent works integrate deep learning
to improve scalability and performance. In our study, we adopt
DAGMA [25] that enables efficient causal discovery via well-defined
gradient updates. DAGMA demonstrates strong inference accuracy
and computational efficiency, especially in large-scale graph set-
tings.
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Table 1: Summary of SABP Dataset Characteristics and Blood
Pressure Statistics

Processed Amount Validation Strategy

Subject-Wise and
Distribution-Preserving Split
Data Dist. (SBP/DBP, mmHg):
Min.: 30.06 / 21.27
Max.: 211.14 / 176.57
Mean: 121.07 / 60.76
SD: 22.35/12.85

Subject: 1,572
Segment: 9,976
Duration: ~10 hours
Seg./Sub.: ~16
Sampling: 125 Hz / 10 s

Data Attributes

Clinical/Demographic:
Admission Location, Admission Type,
Current Service, DRG Code,
Ethnicity, Insurance, Religion,
Sensitivity, Age, Gender, ICD-9

Signal-derived:
PPG, ABP, SBP, DBP

2.3 Causal representation learning

Research on causal effect estimation in deep learning has pro-
gressed rapidly [29, 30]. Early models such as TARNet [31] and
Dragonnet [32] assumed that observed covariates X fully explain
confounding in predicting Y. Subsequent approaches, starting with
CEVAE [33], modeled X as proxies for latent confounders Z and
applied VAE-based inference [11] to estimate Z, enabling scalable
causal estimation in healthcare [34, 35]. Building on CEVAE, we fo-
cus on predictive modeling rather than effect estimation, targeting
causal parents of Y, reducing spurious latents from over-assumed
confounding, and extending the framework to regression over sig-
nals and tabular attributes. In parallel, causal perspectives are in-
creasingly used to improve deep model generalization [36, 37, 38],
though most works explore invariance or feature shifts without
explicitly modeling causal relations among attributes. Causal ap-
proaches to multimodal regression that combine signal, tabular,
and text data remain scarce. We introduce a multimodal latent vari-
able method that integrates these modalities to improve regression
accuracy.

3 Benchmark data construction

3.1 Data preprocessing.

We construct the Signal-driven and Demographic-Clinical Attribute
dataset for BP Estimation (SABP) by integrating ICU clinical records
from MIMIC-III [10] with curated physiological signals from PulseDB [9],
which are derived from MIMIC-III and VitalDB [39]. After quality-
filtering procedures that ensure reliable waveform inputs, high-
quality physiological signals are aligned with contemporaneous
patient attributes to form synchronized multimodal samples for BP
estimation. The pipeline is shown in Figure 2.

From the comprehensive clinical records of MIMIC-III, we ex-
tracted 16 candidate attributes relevant to BP estimation, retaining
11 after excluding those with over 80% missingness. PulseDB in-
cludes “Subject ID” and "Case ID" fields, which map to the patient
identifier and timestamp information in MIMIC-III, respectively.
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This enables linking each PPG segment to the patient’s clinical at-
tributes at the time of acquisition. The resulting dataset is presented
in Table 1, consistent with the format of [16].

3.2 Subject-wise & distribution preserving split.

We partition the full dataset into training, validation, and test sets
following two principles: (1) ensuring that all records from a single
subject are contained within the same fold to prevent information
leakage, and (2) preserving the distributions of SBP and DBP values
across folds to account for their inherent skewness and ensure
adequate representation of all BP categories. The splitting process
is consistent with prior work on BP benchmark datasets [16].

To implement these principles, each segment is first assigned to
one of 16 BP classes by discretizing SBP and DBP into four levels
each. Each subject is then labeled with a Dominant BP Class, defined
as the most frequent class among their segments. Before splitting,
we apply noise reduction to enhance data quality.

The splitting follows a two-stage process. First, we perform strat-
ified subject-level partitioning based on the Dominant BP Class,
giving priority to subjects from underrepresented classes to en-
sure adequate representation of rare BP classes. Second, we min-
imize class distribution discrepancies across folds by evaluating
weighted differences (inverse-squared class counts) across 10,000
random seeds and selecting the optimal one. This yields subject-
disjoint folds that closely preserve the original BP distributions.
Subsequently, we downsample to 10,000 segments using stratified
sampling to maintain class balance, aligning the dataset size with
other BP datasets, such as Sensors [8], BCG [7], and PPGBP [6].

3.3 Multimodal causal graph discovery.

We apply the DAGMA algorithm [25] to discover causal structures
among variables while optimizing a score function under acyclicity
constraints. Inputs are built by reducing high-dimensional signals
to two dimensions with t-SNE and aggregating them via a variance-
weighted average. Categorical variables such as DRG and ICD-9
codes are filtered to retain the most frequent entries covering 50% of
cumulative counts, resulting in 54 DRG and 123 ICD-9 codes, which
are one-hot encoded. The final dataset includes 1,915 patients and
236 features, serving as the input for causal graph discovery.

4 Methodology

4.1 Causal-aware blood pressure estimation via
representation learning of hidden
confounder

We categorize the variables related to BP in the inferred causal graph
into four types: (1) Parents that directly cause BP, (2) Confounders
that affect both PPG and BP, (3) Indirect causal variables acting
through intermediates, and (4) Non-causal variables. We focus on
BP’s parents and confounders. Figure 3a shows a simplified graph
from observed data linking BP with its direct causes and with PPG.
Let S, W, M, Y denote the PPG signal, confounders, parents of Y, and
BP, respectively. Because hidden confounders of both S and Y are
difficult to recover from observations, we treat observed variables
as proxies and model hidden factors as VAE latents [33] (Figure 3b).
To avoid introducing spurious associations by using all variables
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Figure 3: (a) Simplified causal graph without latent variable
Z. (b) Simplified causal graph with the latent variable Z. (c)
Inference model. § is the output of the auxiliary BP estimator,
modeled by g5, w,m- gz|s,5,w Tepresents the posterior distribu-
tion over the latent variable z inferred from the sample. (d)
Generation model. p,|, and p,|; . » represents the generation
model.

as proxies, we restrict proxies to variables with a causal effect
on Y, which leads to more stable performance. We then train the
VAE under the causal Markov assumption so that its factorization
mirrors the underlying causal structure.

AssUMPTION 1 (CAUSAL MARKOV ASSUMPTION). In a causal Di-
rected Acyclic Graph (DAG), each variable X; is conditionally inde-
pendent of any variables that do not belong to its parent or descendant
set, given its parent variables. Formally, this is expressed as:

X; AL V\ (Descendants(X;) U Pa(X;)) | Pa(X;),

where V denotes the set of all variables in the DAG, Pa(X;) represents
the set of parent variables of X;.

We aim to maximize the Evidence Lower Bound (ELBO), em-
ployed here as a surrogate objective for approximating the true
distribution of the observed data.

ELBO = ]Eq¢ (zls,y,w,m) [Ing9(59 Yy, w,m I Z)
po(2) |
ap(z | .y, w.m) ™
We parameterize the model with generative parameters 6 and
variational parameters ¢. S € R% is the PPG signal variable, Y € R?
is the BP variable (a set of SBP and DBP), W € R%" is a proxy vari-
able (a set of confounders for PPG and SBP/DBP in attributes) for
the latent variable Z € R%, and M € R% represents the parents
of Y (a set of attributes that affect only Y variables). In practice, S
is taken as the output embedding from the penultimate layer of
a Conv1D model, while structural/tabular attributes are one-hot
encoded and passed through a lookup table whose embeddings
are averaged per instance to form W and M. The text modality

+ log
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is encoded using a text embedding model to obtain high-quality
representations, followed by a linear projection to reduce the di-
mension, and we set the embedding dimensions to be equal, i.e.,
Rém = RIw =R%.

To learn the latent variable z, based on Assumption 1, we factor-
ize the joint probability p(s, y, w, m) by leveraging the identifiable
causal relationships:

ELBO = Eq¢(z|s,y,w,m) [logpg(s | Z)
+logpg(w | z) +logpo(y | 5.2, m)] (1)
—Dki(gp(z | sy, w.m) || po(2)).

By explicitly accounting for the causal relationships among vari-
ables, as reflected in the factorized ELBO (Equation 1), we maximize
it using the observed data, where Dk denotes the KL-divergence.
This ensures that the latent variable Z effectively represents the
hidden causal features of Y in the causal graph (Figure 3b).

Figure 3c and Figure 3d illustrate the inference and generation
processes of CBPE. The final BP estimation value is given by § ~

po(y | s zm).

4.2 Auxiliary BP estimator

To maximize the ELBO, it is necessary to optimize the approximate
posterior qys,y,w,m- However, under evaluation, y cannot be given
as a condition since it is the prediction target. Therefore, during
model training, we incorporate an additional network to predict
y, enabling its use as a conditioning variable in the posterior. The
auxiliary loss for training this network is defined as follows:

Laux = ~Ep(s,ywm)[logqy(y | s, w,m)]

1
=5 Zp(s,», i, wi, m;) log gy (y; | si, wi, m;).
i

N denotes the total count of training instances. § denotes the
parameters of the auxiliary BP predictor. The final objective is
calculated as the total of the ELBO and the auxiliary loss:

Lcppe = —ELBO + Layx.

4.3 Theoretical analysis

Drawing on Pearl’s do-operator [40], this section demonstrates that
CBPE produces predictions immune to spurious correlations. By
conditioning exclusively on the direct causal parents of the target
variable Y, CBPE can be interpreted as an invariant predictor [41]. In
graphical causal models, the do-operator formalizes an intervention:
do(X = x) is defined as severing all incoming edges to the node X
and deterministically setting X to the fixed value x.

However, because the do-operator specifies an interventional
distribution rather than a statistical estimand, it can be computed
from observational data only after an identification step establishes

an expression that depends solely on observable quantities.
THEOREM 1. (Identifiability of the conditional potential outcome)

Let the treatment and parents features of y be denoted by s and
m, respectively, and let the latent variable z represent the hidden

OUnlike CBPE, CEVAE treats all attributes as observed confounders without consider-
ing their causal relationships.
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Algorithm 1 CBPE Training and Inference Pipeline

Require: Dataset D = {(s;, w;, m;, y,»)}li\i1 > s: PPG, w:
confounder proxies, m: direct causes of y, y: SBP or DBP
1: Pre-step: Discover causal DAG with DAGMA [25] — identify
MW

2: Initialize VAE parameters 6, ¢ and auxiliary estimator
3: for each epoch =1to T do
4: for each mini-batch b ¢ 8 do
5: §—qyy|swm) > Auxiliary BP prediction
6: z~ q¢(z | 5,9, w,m) » Posterior of latent confounder
7: ELBO « log po(s | z) +logpa(w | 2)
+logpo(y | s,2,m)

~ Dralgs(z | 5,9, w.m) | po(2)]
8: Lawx — —logqy(y | s,w,m)
9: Lcppg + —ELBO + Ly
10: Update {6, ¢, ¥} with an optimizer to minimize £
11: end for
12: end for

13: function PREDICTBP(s, w, m) > Inference time

14: §—qyy|swm)

15: Z — Eq¢(z|s,g,w,m) [z]
16: g —po(y|s zm)
17: return j > Estimated SBP / DBP

18: end function

confounder. Then the conditional distribution of the potential outcome
is identifiable:

v Im ~ plyldow.m) = [p(y |5,z mip(as

DEFINITION 1 (BACKDOOR CRITERION). A set of variables z meets
the backdoor criterion with respect to treatment s and outcome y if
z blocks all backdoor paths from s toy, and z does not include any
descendants of s.

Proor. We begin by applying the backdoor criterion in Defini-
tion 1 to express the interventional distribution p(y | do(s), m) in
terms of observational data.

We identify a set of variables z (e.g., latent confounders) that
satisfy the backdoor criterion with respect to s and y. Under this
condition, intervening on s does not affect the distribution of z, i.e.,

p(z | do(s)) = p(2),

and the conditional distribution p(y | s, z, m) reflects the causal
influence of s upon y after adjusting for z.

Thus, the distribution under intervention can be rewritten using
the backdoor adjustment formula:

p(y | do(s), m) = /p(y | do(s), z, m)p(z | do(s), m) dz (2)

= /p(y | s,z,m) p(z)dz. (3

By Definition 1, conditioning on z blocks all spurious (backdoor)
paths between s and y; hence, the second line holds, and the causal
effect is identifiable from the distribution p(s, y, m, z). m]
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Table 2: All reported metrics represent the mean+standard deviation over 10 runs. We compare models using extracted PPG
features (A) against multimodal approaches like CBPE that use raw signals with tabular data. CBPE outperforms across every
metric, achieving the lowest error in both per-sample accuracy (S-loss) and, most notably, in cross-group consistency (G-loss).
This significant lead in G-loss proves its ability to deliver robust and fair predictions by minimizing bias across patient groups.

Method  PPG Signal Attributes BP S-loss SBP S-loss DBP S-loss BP G-loss SBP G-loss DBP G-loss GLC
HGCTNet A O 32-1213.66 21-0812.93 11-0411.28 39-7714.08 26.4913‘11 13-28i1.43 76.58
TimeMixer (@) X 27.16i0,21 17.60i0.17 9.56i0.17 36.0310.55 24.00i0.4g 120310.25 70.12
SpectroResNet O X 30'72i6.57 19-5313.45 11~1913.12 38.65i7_14 25.06i3.35 13.60i3.31 75.12
MLPBP (0] X 28.77+1.46 18.501110 10.271038 37.071101 24.281082 12.794024 72.49
Conv1D 0 X 30.704066 19.764040 10.94,022 37.39.132 24.38,00s 13.01.037 73.56
CEVAE 0 0 30.23,3 45 18.49.16s 11.734105 38.34,475 24.40,560 13.94,529 62.20
CBPE O (0] 2534039 16.794018 8.564009 30.51:960 20.54:050 9.97.0.12 59.74

CBPE models the right-hand side terms, p(y | s, z, m) and p(z),
by optimizing the evidence ELBO in Equation 1 with observational
data. By conditioning only on the causal parents of Y, CBPE blocks
back-door paths that could introduce spurious correlations into the
prediction.

Algorithm 1 details the CBPE framework, initialized by identify-
ing direct causes (M) and confounder proxies (W) via DAGMA [25].
The model jointly optimizes a VAE and an auxiliary predictor; the
latter generates a surrogate g to infer the latent confounder z since
the true target is unavailable. Finally, inference predicts § by fusing
embeddings of the PPG signal, causal attributes, and the inferred
latent confounder via py(y | s, z, m).

5 Experiments

Our experiments aim to address the following aspects: (1) We com-
pare CBPE with baselines on SABP to evaluate its performance and
verify its superiority. (2) We investigate how well CBPE mitigates
group-wise performance disparities in the presence of bias caused
by group imbalance and introduce a new evaluation metric for this
purpose. (3) We analyze the impact of the latent variable Z on the
performance of CBPE. We compare our method against a set of
signal-based baseline models commonly used for blood pressure
(BP) estimation, particularly those relying on PPG signals, such as
SpectroResNet [15], MLPBP [3], and Conv1D [42]. The baselines
also include transformer-based architectures widely adopted in
signal modeling, such as TimeMixer [14] and HGCTNet [18], as
well as CEVAE [33], a causal effect prediction model that treats
all attributes as observed confounders without explicitly modeling
their causal relationships.

5.1 Evaluation metrics

We compare the performance of CBPE with baseline methods for
BP estimation. The evaluation is conducted at both the sample level
and the group level. Here, we define sample-level loss (S-loss) and
group-level loss (G-loss) as follows:

1G]

N
1 1
L5=— =0, L8=— ) I3
N;Iy Uil |g|;

where £5 denotes the S-loss, N represents the total sample count,
and y; and 7j; denote the true and predicted BP of sample i, respec-
tively. To compare the bias of estimators relative to the dataset

distribution, we divided the data into four groups (hypotension,
normal, prehypertension, and hypertension) denoted by G based on
SBP and DBP ranges following GloGen [2]. G-loss (L) is computed
as the mean of S-loss values across G, where .E]s. denotes S-loss for

group j.

Group Loss Consistency metric. In the medical domain, maintain-
ing consistency in performance across different groups is crucial.
However, S-loss and G-loss alone are insufficient to evaluate per-
formance imbalances among groups. For instance, if the Normal
group exhibits very low loss while the Hypo group records high
loss, conventional metrics fail to capture this imbalance. To address
this issue, we propose the Group Loss Consistency (GLC) metric,
which evaluates models based on both overall performance and
the balance of loss distribution across groups. The GLC metric is
defined as:

5191 5 logp; 6]
GLC = £© 2+W ,where p; = L5/ L5 (4)
k=1

The normalized entropy term captures the imbalance in the loss
distribution across groups. Lower GLC values indicate reduced
overall loss and improved balance across groups. The entropy com-
ponent penalizes inconsistent group losses, ensuring equitable out-
comes in biomedical applications. GLC converges to the G-loss
when group losses are perfectly balanced.

5.2 Quantitative analysis

We compute S-loss and G-loss for SBP and DBP and sum them
to obtain BP S-loss and BP G-loss. As shown in Table 2, CBPE
outperforms all baselines, with a notably larger improvement in BP
G-loss, indicating superior robustness and reduced group bias. Its
lowest GLC further confirms consistent and equitable BP estimation
by modeling latent confounders that capture unobserved BP-related
variations.

5.3 Ablation and Qualitative Analysis

Effectiveness of the latent variable Z in CBPE. To evaluate the
role of the latent variable Z, we compare Conv1D-based variants us-
ing different combinations of attributes. As shown in Table 3, incor-
porating attributes enhances performance; however, relying solely
on causally identified ones yields limited gains. CBPE achieves the
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Table 3: Ablation study showing the impact of attribute infor-
mation and latent causal features. NC, C, and LC denote Non-
Causal, Causal, and Latent Causal attributes, respectively.
Using only causal attributes (Conv1D-SC) leads to degraded
performance, likely because the model relies on a reduced
amount of attribute information. In contrast, CBPE yields
more balanced predictions over BP groups than combining
causal with non-causal attributes.

Method PPG Signal ﬁgri(l:)uiecs BP S-loss BP G-loss GLC

ConvlD 0 X X X 30.70 37.39  73.56
Conv1iD-SA 0 O 0 X 2739 3456  66.75
Conv1D-SC 0 X O X 2874 3597  69.40

CBPE O X O O 2534 30.51 60.64

Influence of z on BP estimation
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Figure 4: Influence of the latent confounder embedding on
blood pressure estimation. Given PPG embedding, attributes,
and latent z as input to the final classifier for predicting Y, we
measure performance by varying the contribution of z via a
scalar weight. Both BP S-loss and BP G-loss are minimized at
the original weight, while either attenuating or amplifying
z degrades performance, indicating that the latent causal
feature z is beneficial but must contribute in a balanced way
relative to the other attributes.

best results by jointly modeling causal attributes and latent con-
founders, demonstrating improved accuracy and robustness across
patient groups.

To assess the contribution of the latent variable Z in CBPE, we
compare Conv1D-based variants: Conv1D (PPG only), ConviD-SA
(PPG with all observed attributes), and Conv1D-SC (PPG with only
causal BP-related attributes identified via causal discovery). Table 3
shows that adding attributes improves performance over Conv1D.
However, Conv1D-SC yields lower accuracy than Conv1D-SA, in-
dicating that the discovered causal set omits some BP-relevant in-
formation. CBPE, which infers hidden confounders to model latent
causal features, performs best, implying that ignoring unobserved
confounding or omitting relevant attributes lowers accuracy. When
the causal structure is uncertain, using all features can help; how-
ever, explicitly combining identified causal attributes with latent
confounders, as CBPE does, yields the most accurate BP estimates.
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Case 3: normal, (SBP: 102.33, DBP: 58.70)
—— Case 4: prehyper, (SBP: 129.17, DBP: 75.29)

Case 1: prehyper, (SBP: 135.23, DBP: 71.02)
—— Case 2: normal, (SBP: 103.81, DBP: 55.50)

Normalized Amplitude

Time (seconds) Time (seconds)

Figure 5: PPG signal comparison across cases. Case 1and Case
2 exhibit similar PPG signals, with a difference of approx-
imately 0.168. In contrast, Case 3 and Case 4 show a larger
difference of about 0.339, indicating lower signal similarity.
On average, the PPG distance difference is 0.317. The differ-
ence between PPG signals is measured as the mean absolute
difference between two sequences.

Table 4: Comparison of BP loss for each case. Cases 1 and 2
have similar signals but different attributes, so the estimator
should focus on attributes for accurate BP prediction. Con-
versely, Cases 3 and 4 share attributes but differ in signals,
requiring the estimator to rely on signal variations. Corre-
sponding PPG signals are shown in Figure 5.

TimeMixer CBPE

Sim. signal Case1  24.19 2.63
& Diff. Att. Case 2 23.26 1.23

Diff. signal Case3 2590  19.75
& Same Att. Case 4 15.63 12.37

Figure 4 shows that increasing the weight on z raises sample-

level loss and group-level loss, while reducing the weight also
degrades performance, indicating that maintaining a contribution
around the original scale leads to optimal performance. This sug-
gests that the latent causal feature z indeed provides useful infor-
mation for blood pressure estimation, yielding the most robust
predictions when its influence is kept in balance with the other
inputs rather than being overly suppressed or amplified.
Case analysis. Figure 5 and Table 4 highlight CBPE’s ability to
disentangle information from PPG signals and patient attributes.
When signal information is ambiguous (Cases 1-2), CBPE lever-
ages attribute cues for accurate prediction; when attributes are
similar, but signals differ (Cases 3-4), it relies on signal variations.
This adaptive weighting across modalities demonstrates CBPE’s
robustness and superior performance in complex scenarios.

6 Conclusion and Discussion

We introduce SABP, a multimodal benchmark for blood pressure
(BP) prediction that integrates high-quality PPG waveforms with
comprehensive demographic and clinical attributes. Building on this
dataset, we propose CBPE, a causal framework that combines signal,
tabular, and text modalities while inferring latent confounders to
enhance both accuracy and group consistency. We further intro-
duce the Group Loss Consistency (GLC) metric to jointly evaluate
fairness and accuracy over BP groups. Extensive experiments show
that CBPE achieves superior BP prediction performance and the
lowest GLC, demonstrating equitable and reliable BP estimation
across diverse patient groups.
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