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Abstract

Photoplethysmography (PPG) is a low-cost, non-
invasive technology studied for blood pressure (BP)
estimation, but the cross-cohort consistency of its
morphology—BP associations remains uncertain. We eval-
uated the cross-dataset consistency of 41 PPG-feature cor-
relations with SBP/DBP in PPG-BP, VitalDB, MIMIC-111-
Ext-PPG, and MIMIC-1V Waveform. Up to three segments
per subject (30 s for VitalDB/MIMIC, 2.1 s for PPG-BP)
were retained if physiologically plausible and morpholog-
ically consistent. Subject-level Spearman correlations (p)
with SBP and DBP were computed per dataset and sum-
marized by mean, minimum, and range. Twenty-two fea-
tures reached mean |p| > 0.3 for SBP and 15 for DBP.
Consistent SBP correlates included signed SDPTG ratios
b/a and d/a, PDA-A1s, and Algy,; timing and slope fea-
tures were more cohort-dependent. These findings support
feature screening for cross-dataset BP modeling, without
establishing predictive performance or causality.

1. Introduction

Photoplethysmography (PPG) is widely investigated for
cuffless blood pressure (BP) estimation because it is inex-
pensive, non-invasive, and sensitive to peripheral hemody-
namic variation [1H3]. Many approaches therefore extract
timing, amplitude, derivative, and pulse-decomposition
descriptors from the PPG waveform and use them to es-
timate systolic and diastolic BP [4}/5]. Such features are
attractive because they are interpretable, computationally
lightweight, and can be obtained from a single optical sig-
nal without an electrocardiogram or calibration waveform.

A major barrier to generalization is cohort heterogene-
ity. Public PPG datasets differ in demographics, disease
severity, measurement modality, and acquisition environ-
ment, ranging from controlled ambulatory recordings to
intraoperative and intensive-care monitoring [|6,7]. These
differences affect signal quality, vascular tone, medica-
tion exposure, and BP measurement type. Consequently,

features that correlate with BP in one population may
show weaker or different associations in another, limiting
model transferability and motivating explicit cross-dataset
assessment [8]]. This is especially important because high
within-dataset correlations can be misleading if they reflect
cohort-specific physiology or acquisition protocols rather
than consistent cardiovascular information.

This study evaluates the consistency of PPG feature cor-
relations with SBP and DBP across four heterogeneous
clinical datasets [9}/10]. Rather than validating a predictive
model, the aim is to identify candidate features with con-
sistent cross-dataset association magnitudes, define a re-
producible consistency rule, and highlight features whose
behavior appears cohort-dependent before they are priori-
tized in generalizable BP estimation algorithms [11]. The
analysis focuses on absolute Spearman correlation to com-
pare association strength across cohorts, while explicitly
noting that signed correlations are still required for physi-
ological interpretation.

2. Material and Methods

We analyzed data from four public sources to capture
different physiological states and acquisition conditions:
PPG-BP [12] (219 ambulatory subjects), VitalDB [13]]
(285 intraoperative subjects), MIMIC-III-Ext-PPG [14]]
(225 ICU subjects), and MIMIC-IV Waveform [15] (63
ICU subjects). The term selected is used because no formal
demographic or hemodynamic representativeness analysis
against the full databases was performed; instead, subject
inclusion was purely driven by the signal quality and sta-
tionarity criteria described below.

Up to three 30-s segments per subject were extracted
from VitalDB, MIMIC-III, and MIMIC-IV under station-
ary conditions. Segments were selected using three crite-
ria: (i) heart rate between 40 and 180 bpm; (ii) cardiac
spectral dominance, defined as a ratio > 0.8 between the
power in the 0.5—4 Hz band and the total signal power; and
(iii) rhythmic stability with an interbeat-interval coefficient
of variation < 0.10 [16]]. These stationary segments were
then paired with synchronized invasive arterial BP targets.



For the ambulatory cohort, PPG-BP retained its native 2.1-
s segments and accompanying non-invasive cuff SBP/DBP
values.

Raw PPG signals were bandpass-filtered at 0.5-12 Hz.
Forty-one pulse-level morphology features were then ex-
tracted. These included landmark timings (¢,) and am-
plitudes (A,), normalized time intervals between land-
marks (Ang, = (t, — t;)/T, where T is the pulse pe-
riod), pulse widths at 30-90%, Inflection Point Area (IPA),
signed SDPTG ratios b/a, ¢/a, d/a, and e/a, the aging
index AX = (b— ¢ — d — e)/a, wave-reflection descrip-
tors such as Aly, = (Ay — Ap)/Ag and Yy, = Ay /A,
and Pulse Decomposition Analysis (PDA) timing, ampli-
tude, and width descriptors, including PDA-A;3, PDA-
T13, PDA-T14, PDA-T}5, and PDA-W; [8}17].

Segments were discarded when their median feature
variability index exceeded 0.3. Following the variability
assessment proposed in our concurrent work [ 18], this in-
dex quantifies within-segment morphological consistency.
It is calculated for each segment as the median of the
intra-segment standard deviations of all extracted features,
normalized by their respective global standard deviations
within the dataset. The global standard deviations were
computed after physiological screening and before apply-
ing the rejection rule.

Spearman correlations were computed at the subject
level after taking the median of the segment-level medi-
ans for each subject, thereby reducing pseudo-replication
from repeated segments. Absolute correlations were used
to summarize and rank association magnitudes by mean
|p|, minimum |p|, and min—max range across datasets. A
feature was labeled consistent if its minimum |p| > 0.30
and its range < 0.20; features with high mean magnitude
but wider ranges were considered variable. It is important
to note that all features identified as consistent maintained
the same correlation direction across the four cohorts. In
addition, relying on minimum magnitude and range pre-
vents features with one weak cohort from being falsely
classified as robust.

3. Results

The variability threshold retained 89.3% of PPG-BP
segments, 70.9% of VitalDB, 55.4% of MIMIC-III, and
62.5% of MIMIC-IV (Figure , consistent with greater
signal complexity in ICU recordings.

Using the mean-magnitude criterion, 22 features
reached mean |p| > 0.30 for SBP and 15 for DBP; the
stricter consistent label in Table [I] also required minimum
|p] > 0.30 and range < 0.20. For SBP, the strongest
consistent correlates were b/a (mean |p| = 0.71, range
0.59-0.78), d/a (0.65, 0.59-0.71), PDA-A;3 (0.65, 0.62—
0.75), AX (0.63, 0.60-0.66), and Ay, (0.56, 0.51-0.62).
These features remained above the threshold in all cohorts,

Segment Variability Distribution-All datasets

4.
Threshold = 0.3
| resho ——PPG-BP
L VitalDB
33 | MIMIC-III
I —— MIMIC-IV
3F I
|
2.5t
|
=
Z ot I
j5)
)
1.5
|
Ir I
|
0.5
|
ol 1 ! —

0 02 04 06 0.8 1 1.2 14 16 18 2
Intra-STD / Global-STD

Figure 1: Density distribution of the intra-segment vari-
ability ratio across the four datasets. The dashed red line
indicates the 0.3 rejection threshold.

suggesting that SDPTG morphology, selected PDA ampli-
tudes, and wave-reflection descriptors preserve association
magnitude better than many timing variables. The con-
sistency of b/a, d/a, and AX is also coherent with their
common use as descriptors of vascular aging or arterial
stiffness, although the present analysis only demonstrates
correlation consistency. Figure [Zh visualizes the five most
consistent non-PDA SBP features by mean |p|, comple-
menting the PDA-inclusive ranking in Table[T]

DBP showed lower overall correlation magnitudes. The
strongest consistent correlates for DBP were An,,, PDA-
Wi, Anyp, Ne, Anye, and Angp, with mean |p| values
between 0.44 and 0.49. This narrower dynamic range indi-
cates that DBP may require additional information beyond
isolated morphology features, particularly when moving
between ambulatory, surgical, and ICU cohorts. It also
cautions against assuming that features selected for SBP
will transfer directly to DBP, since DBP is more closely
linked to vascular resistance and peripheral runoff than to
peak systolic morphology alone.

Variable features (Table [1)) had acceptable mean |p| but
exceeded the consistency range criterion, including Sy,
An,¢ (which also fell below the minimum threshold), and
the PDA timing descriptors PDA-T}3—17 5, even when their
rounded minimum values remained above 0.30. These pat-
terns suggest sensitivity to acquisition protocol, vascular
state, or ICU-specific clinical factors, including vasoac-
tive medication, autonomic tone, diagnosis mix, and the
use of invasive rather than cuff BP targets. Overall, the re-
sults support using consistent features for model design but
should be interpreted as feature-screening evidence rather
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Figure 2: (a) Five consistent non-PDA SBP features shown
as a visual summary; the PDA-inclusive ranking is re-
ported in Table [T} (b) Five SBP features with high mean
|p| but wide cross-dataset ranges. Asterisks indicate un-
corrected p < 0.05.

than predictive validation. The table also shows why the
consistency definition must include both minimum corre-
lation and range: several variables have acceptable mean
values, but a single weak cohort would limit direct transfer
to unseen populations. The analysis deliberately prioritizes
reproducibility of feature behavior over model accuracy; a
feature with consistent correlation may still fail in a mul-
tivariable model, whereas an unstable feature may remain
useful after cohort calibration or domain adaptation.

4. Discussion

While our analysis identifies candidate PPG features for
cross-dataset BP modeling, it is important to note that
|p| summarizes association magnitude only and does not
prove direction, predictive accuracy, or causality.

Methodologically, no additional delay compensation
was applied beyond database time alignment, so modality
and window-length differences remain potential sources of
cohort bias. This choice keeps the extraction protocol sim-
ple and reproducible, but it may blur associations when
pulse transit delays or non-invasive cuff timing differ from
the optical waveform.

Future work should report signed correlations, subject-
level and multiplicity-corrected inference, retained seg-

Table 1: Selected PPG features correlated with SBP and
DBP. “Consistent” indicates minimum |p| > 0.30 and
range < 0.20.

Target Feature  Mean |p| Range |p| Consistent
b/a 0.71 0.59-0.78 Yes
d/a 0.65 0.59-0.71 Yes
PDA-Aq3 0.65 0.62-0.75 Yes
AX 0.63 0.60-0.66 Yes
Algp, 0.56 0.51-0.62 Yes

SBP Yyn 0.49 0.40-0.55 Yes
Spf 041  0.18-059  No

0.20-0.60 No
0.36-0.60 No

PDA-T14 0.41
PDA-T15 0.39

Anyf 038  0.12-0.63 No
PDA-Ti3 037  032-0.56  No
Anys 049 044056  Yes
PDA‘W; 049 044056  Yes
Anyp 048  042-050  Yes
Ne 046  040-047  Yes
Angp, 046  040-052  Yes
DBP  Anye 044  040-050  Yes
Spy 046  0.12-059  No
Any. 044  029-064  No

0.37-0.60 No
0.37-0.60 No
0.33-0.57 No

PDA-T'14 0.46
PDA-Ti5 0.44
PDA-T13 0.43

ment counts, sensitivity to filtering thresholds, out-of-
domain prediction tests, and clinical covariates that may
explain ICU-specific shifts. Such analyses are needed be-
fore consistent correlates can be considered reliable pre-
dictors in clinical deployment or used as evidence of phys-
iological causation.

5. Conclusion

Across four heterogeneous datasets, signed SDPTG
ratios, PDA-A3, and selected wave-reflection features
showed the most consistent SBP correlation magnitudes,
whereas DBP associations were weaker and timing or
slope features were more cohort-dependent.

A useful next step is to test whether models constrained
to these consistent features lose less accuracy during ex-
ternal validation than models built from all available mor-
phology descriptors.
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