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Abstract

Background/Objectives: Smart devices estimate blood pressure (BP) from photoplethys-
mography (PPG), but models trained on other people generalize poorly, and device con-
straints limit model size. This study compared calibration strategies and model sizes for 
PPG-based BP estimation. Methods: We used 65 hand-crafted PPG features with MIMIC-BP 
(1295 training and 229 subject-disjoint test subjects, ten repeats) and 17 external VitalDB 
surgical cases. We compared calibration-free regressors, calibration with one to five cuffs, re-
calibration policies and calibration models of decreasing size. Results: Without calibration, 
six regressors reached a systolic BP (SBP) mean absolute error (MAE) of 13.0–13.3 mmHg 
on unseen subjects, close to a constant predictor (14.2 mmHg). A delta model that predicts 
the change from the cuff reading reduced the SBP MAE to 11.8 mmHg with one cuff and 
10.8 mmHg with five, but followed only 30–50% of large changes. With five calibration 
readings, the model achieved a pooled area under the curve (AUC) of 0.94 for new-onset 
SBP ≥160 mmHg on MIMIC-BP, but sensitivity was zero at an estimated-SBP threshold of 
160 mmHg. Accuracy was governed by the recalibration interval: recalibration nominally 
every 15 min gave 10.3 mmHg on VitalDB, and event-triggered cuffs were not better than 
periodic ones. A 47 KB tree model lost 0.2 mmHg against a 1.5 MB reference. Conclusions: 
For these data, calibration was required, the recalibration interval mattered more than 
model complexity, and a compact tree model was sufficient; on-device use requires further 
validation. Accuracy remained poor at blood-pressure extremes, and external validation in 
only 17 VitalDB cases remains preliminary.

Keywords: cuffless blood pressure; photoplethysmography; wearable; calibration;
lightweight model; recalibration interval; trend tracking

1.  Introduction
Hypertension affects more than a billion adults and is the leading modifiable risk factor 

for cardiovascular disease [1]; current guidelines emphasize out-of-office and repeated 
measurements for diagnosis and management [2,3]. Cuff-based devices provide only in-
termittent readings, which has motivated the cuffless estimation of blood pressure (BP) 
from signals that wearable and mobile devices can record continuously—above all, the 
photoplethysmogram (PPG) [4,5]. PPG-based approaches range from pulse-transit-time 
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models [6] to machine learning on hand-crafted pulse-wave features [7–9] and deep net-
works on the raw waveform [10,11]; many recent studies report errors well within clinical 
tolerances [12–17].

Whether these accuracies transfer to a person the model has never seen is less clear. 
When segments of the same subject appear in both training and test data, a model can rec-
ognize the subject rather than estimate the pressure, and reported accuracy drops markedly 
once such subject information leakage is prevented [18]. Pulse transit and pulse-shape fea-
tures change with pressure within a person. Still, their relation to absolute pressure differs 
between people, which is why transit-time methods require individual calibration [6,19,20]. 
Accordingly, many cuffless devices need an initial and repeated (e.g. daily, weekly, or 
monthly) cuff calibration to report pressure in mmHg, and their accuracy depends on this 
calibration and its renewal [21]; dedicated standards now govern the evaluation of cuffless 
and continuous devices [22,23].

For a smart device, three further constraints matter. First, every cuff reading burdens 
the user, so the number of cuffs and the recalibration interval are design parameters that 
should be chosen based on evidence. Second, the estimator runs on a microcontroller or 
a phone with limited memory and energy, so the model must be small. Third, a device 
meets users and conditions not in its training data, so the estimator must remain stable 
under changes in population and acquisition system. Multimodal physiological sensing ad-
dresses such variability by combining several signals and weighting them by their estimated 
reliability, as recently shown for the fusion of acoustic signals and electrical impedance 
tomography in respiratory assessment [24]; a single-PPG device cannot fall back on a second 
modality, so signal quality has to be handled within the PPG pipeline itself. Despite their 
practical importance, these questions are rarely addressed together: calibrated methods are 
usually evaluated with a single calibration and without external data, and model size is 
seldom reported.

In this work, we address these questions for a PPG-only pipeline based on hand-crafted 
features, using a large intensive-care database with a strictly subject-disjoint design and an 
external surgical database. Our contributions are the following:
1. We quantify the calibration-free ceiling on unseen subjects for six regressors of very 

different complexity and show that it is close to a constant predictor, especially on 
external data.

2. We compare four calibration methods with one to five cuffs and show that a delta 
model, which predicts the change from the cuff, is consistently the most accurate, while 
characterizing its limits in following large pressure changes.

3. We derive recalibration-interval guidance from the error as a function of the cuff rate, 
show with a pre-specified comparison that event-triggered cuffs do not improve on peri-
odic recalibration, and explain this by the slow, drift-like structure of the residual error.

4. We show that the delta model can be reduced about 30-fold in memory, to about 
47 KB and 1200  comparisons per estimate, with a loss of about 0.2 mmHg. In contrast, 
random forests are impractically large, and linear or small neural models fail when the 
database changes.

2.  Materials and Methods
Figure 1 summarizes the data, features, estimation methods and three design 

questions examined.
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MIMIC-BP (ICU)
30-s segments, 125 Hz, invasive
ABP
train/val pool:
fixed test set: 229 subjects
10 subject-disjoint re-splits (85/15)

VitalDB (surgery, external)
17 cases, 10-s segments
PPG-only quality check
never used for training

1 Data

65 PPG features
39 from our earlier extractor
(ECG-based features not used)
10 standard descriptors
(amplitude, Teager–Kaiser, Hjorth,
zero crossings)
16 morphology descriptors
(reflection, 2nd derivative,
Gaussian fit)
single optical sensor

2 Features
Calibration-free
RF, XGBoost, LightGBM, SVR,
MLP, GPR
xt → BPt

Calibration with K cuffs
constant, offset, linear, delta:

[xt − xc, xc, BPc ]
g−−→ ∆BP

B̂Pt = BPc +∆BP

3 Estimation

How many cuffs?
K = 1, 2, 3, 5

How often?
periodic vs. event-triggered
recalibration; Kalman tracking

How small?
7 model variants × {65, 20, 10, 5}
features; memory, operations

4 Smart-device design

Main results (SBP MAE)

MIMIC-BP test: no calibration 12.98 (mean predictor 14.23) → 1 cuff 11.84 → 5 cuffs 10.79 → recalibration every 5 segments 9.45 mmHg
VitalDB: recalibration every 15 min 10.3, every 3 min 8.0 mmHg • 47-KB tree model with 20 features: +0.2 mmHg vs. 1.5-MB reference

1295 subjects

Figure 1. Study overview. PPG features from an intensive-care database (MIMIC-BP; subject-disjoint 
training, validation and test sets) and an external surgical database (VitalDB) were used to estimate 
blood pressure without calibration and with 𝐾 cuff readings. The delta model 𝑔 estimates the change 
since a cuff reading BP𝑐 from the current features 𝑥𝑡 and the features 𝑥𝑐 at the cuff. The calibrated 
estimate was then examined with respect to the number of cuffs, the recalibration interval and the 
model size. Errors are SBP MAE.

2.1.  Datasets and Splits
Two public databases with invasive arterial blood pressure (ABP) as reference were 

used. MIMIC-BP [25], derived from MIMIC-III [26], provides 30 s segments (125 Hz) 
of simultaneously recorded photoplethysmogram (PPG) and ABP from intensive-care 
patients, with 30 non-overlapping segments per subject in temporal order and a predefined 
subject-disjoint division into training, validation and test subjects. The test set (229 subjects) 
was kept fixed and untouched until all settings had been frozen. To quantify the variability 
due to the choice of training subjects, the training and validation subjects were pooled and 
re-split ten times into 85 % training and 15 % validation subjects (repeat 𝑟 uses random seed 
𝑟), and we selected every model and setting on the validation subjects of the same repeat.

VitalDB [27] served as an external test set from a different population and acquisition 
system (surgical patients). Seventeen cases with continuous PPG (SNUADC PLETH) and 
radial arterial pressure were resampled to 125 Hz and cut into consecutive, non-overlapping 
10 s segments. Segments with missing samples, with implausible reference values (SBP out-
side 50–230 mmHg, DBP outside 30–140 mmHg, or pulse pressure below 15 mmHg) or with 
a flat PPG were discarded, and each PPG segment was standardized to zero mean and unit 
variance. A PPG-only quality check, blind to the blood pressure, then removed segments 
whose dominant frequency (0.5–8 Hz band) lay outside 0.67–3 Hz (40–180 beats/min), 
whose spectral peak held less than 15 % of the in-band power, whose standardized am-
plitude exceeded 6, or in which constant runs of at least 0.5 s covered 10 % or more of 
the segment; 97.0 % of the segments passed. No VitalDB data were used for training or 
model selection, except where stated for leave-one-case-out tuning of secondary analyses 
(Section 2.5). In VitalDB, the reference SBP and DBP of a segment were the means of the 
beat-wise systolic and diastolic values reported by the patient monitor (Solar 8000) over the 
segment; in MIMIC-BP, they were the medians of the beat-wise systolic and diastolic values 
of the ABP over each 30 s segment [25]. In both databases, we analyzed only segments 
in which the feature extractor processed at least one beat (usable segments). MIMIC-BP 
provides 30 segments for each subject (38,850 segments in the training and validation pool 
and 6870 in the test set); 2183 (5.6 %) and 356 (5.2 %) of them, respectively, yielded no valid 
beat and were excluded, so that subjects contributed 28.3 segments on average (median 30; 
Table 1). In VitalDB, 2597 of 27,375 segments (9.5 %) yielded no valid beat. Because the 
original extractor was written for multimodal recordings, it also required an ECG channel 
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with at least four detected R peaks. All segments of both databases contained an ECG 
channel, and an independent R-peak detector found at least four R peaks in all excluded 
MIMIC-BP test and validation segments and in 98 % of the excluded VitalDB segments; the 
exclusions were therefore caused almost entirely by the PPG beat delineation and feature 
checks, not by the ECG. The mean reference SBP of excluded and retained segments was 
similar in MIMIC-BP (111.9 vs. 113.1 mmHg in the test set) and lower in VitalDB (106.6 vs. 
115.1 mmHg). The ECG was used only for this selection; no feature was computed from it, 
and a device would apply the PPG checks alone (Section 4). Table 1 summarizes the data.

Table 1. Dataset characteristics (usable segments: at least one detected beat; VitalDB after input 
quality control). Groups by reference SBP; numbers are segments (subjects); pressures in mmHg.

MIMIC-BP Train + Val MIMIC-BP Test VitalDB

Segments/subjects 36,667/1295 6514/229 24,257/17
Segments per subject, median (mean) 𝑏 30 (28.3) 30 (28.4) 1276 (1458)
SBP, mean ± SD (range) 112.7 ± 18.0 (64–185) 113.1 ± 17.7 (67–186) 115.0 ± 18.6 (55–230)
DBP, mean ± SD (range) 58.5 ± 12.3 (31–116) 59.4 ± 11.8 (31–109) 59.5 ± 10.7 (30–136)
Within-subject SBP range/SD 𝑏 43.9/11.4 44.1/10.9 105.1/15.1
SBP <90 3267 (650) 551 (107) 1128 (16)
SBP 90–140 30,674 (1289) 5491 (228) 20,858 (17)
SBP 140–160 2429 (507) 426 (88) 1686 (16)
SBP 160–180 280 (86) 43 (14) 430 (11)
SBP ≥180 17 (7) 3 (2) 155 (7)
New-onset crisis subjects 𝑎 70 12 11

𝑎 First usable segment SBP <160 mmHg and a later segment ≥160 mmHg. 𝑏 Over subjects; MIMIC-BP 
provides 30 segments per subject before the beat check.

2.2.  PPG Features for On-Device Use
Features were computed from the PPG alone, so that the pipeline requires a single 

optical sensor. Features were computed from the first 10 s (1250 samples) of every segment in 
both databases, so that the feature window had the same length; in MIMIC-BP, the reference 
values refer to the whole 30 s segment (Section 2.1), which adds a small, unquantified 
error to the MIMIC-BP results, whereas in VitalDB the feature window and the reference 
cover the same 10 s. Beats were delineated on the PPG (PPG-anchored windows), and the 
beat-level feature values were summarized by their median over the beats of a segment. 
Three groups of features were combined (Table A1).

Previously published features (39).  From the features of our earlier multimodal extrac-
tor [28], we used the 39 that are derived from the PPG alone: temporal features (systolic and 
diastolic times, crest time and the systolic and diastolic widths at 10–75 % of the amplitude), 
amplitude and intensity features (pulse intensity ratio, 𝑘 value, maximum and minimum 
amplitude), first- and second-derivative (velocity and acceleration PPG) features [8], pulse-
wave indices (augmentation index, large-artery stiffness index, inflection-point area ratio), 
area features, the maximum of the multitaper power spectral density, and the skewness, 
kurtosis and entropy of the waveform. Its ECG-based features (heart rate and three pulse 
arrival times) were not used, because they need a second sensor and because the ECG and 
PPG channels of the databases were not reliably time-aligned.

Standard signal descriptors (10). We added ten simple descriptors of the PPG: the pulse 
amplitude (systolic peak minus diastolic foot), the amplitudes at the systolic peak and at 
the diastolic foot, the mean amplitude over the beat, the maximum of the periodogram, 
the mean Teager–Kaiser energy [29], the three Hjorth parameters (activity, mobility and 
complexity) [30] and the zero-crossing rate of the mean-removed signal.

Morphology descriptors (16). To describe the pulse contour more completely, we im-
plemented 16 further PPG descriptors following their published definitions: the reflection 
index and the systolic-to-diastolic peak time [31], the relative dicrotic-notch height, the 
pulse width and up-stroke time at 50 % amplitude, the second-derivative ratios 𝑏/𝑎, 𝑐/𝑎, 
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𝑑/𝑎, 𝑒/𝑎 and the aging index [8,32], the parameters of a two-Gaussian decomposition of the 
pulse (amplitude ratio, center distance, widths and goodness of fit) and the beat-to-beat 
SD of the reflection index. The resulting 65 features (39 + 10 + 16) were median-imputed 
with training statistics where a model could not handle missing values.

2.3.  Calibration-Free Reference Models
To establish how far PPG features carry absolute blood pressure to unseen users, six re-

gressors were trained to map the 65 features of a segment directly to SBP and DBP: random 
forest (RF; 500 trees, minimum leaf size 5, one third of the features per split), XGBoost [33] 
(learning rate 0.03, depth 6, up to 3000 trees with early stopping on the validation sub-
jects), LightGBM, support vector regression with a radial kernel (fitted on a random subset 
of 10,000 segments), a multilayer perceptron (two hidden layers of 256 units, early stop-
ping) and a sparse variational Gaussian process with automatic relevance determination 
(1000 inducing points). A model predicting the training mean served as the trivial baseline.

2.4.  Calibration Models
Calibration uses 𝐾 cuff readings BP𝑐 of the same user at segments 𝑐 ∈ 𝐶, |𝐶| = 𝐾, 

𝐾 ∈ {1, 2, 3, 5}, taken as the first 𝐾 usable segments of each subject. Cuff readings were 
simulated by the invasive reference values of these segments, so that the error in a real cuff 
measurement is not included in the main analysis. To quantify the effect of cuff measurement 
error, the analysis was repeated with every simulated cuff reading (each calibration and 
each recalibration cuff) replaced by the invasive value plus an independent Gaussian error 
with SD 5 or 10 mmHg (zero mean, and, in a sensitivity analysis, with an additional constant 
bias of +5 mmHg), applied to SBP and DBP separately; the models were not changed, and 
errors were always computed against the invasive reference. For this analysis, the models 
of the ten repeats were re-trained with identical settings on a CPU (five error draws per 
repeat); without cuff error, they differed from the original results by at most 0.08 mmHg. To 
compare all 𝐾 on identical data, every method was evaluated on the segments after the fifth 
usable segment. Because the first 𝐾 segments end closer to the evaluated segments when 𝐾
is larger, the number of cuffs and the recency of the last cuff are confounded in this design. 
To separate them, the delta model and constant calibration were also evaluated with the 
calibration sets {5}, {4, 5}, {3, 4, 5} and {1, … , 5} (positions among the usable segments of 
each subject), which all end at the fifth segment, on the same evaluation segments (models 
re-trained with identical settings, ten repeats). Four methods were compared:
• constant: the mean cuff value is carried forward.
• offset: B̂P𝑡 = 𝑓 (𝑥𝑡) + BP𝑐 − 𝑓 (𝑥𝑐), where 𝑓  is the calibration-free XGBoost model.
• linear: B̂P𝑡 = 𝑎+𝑏 𝑓 (𝑥𝑡) with the slope 𝑏 shrunk towards 1 by a ridge penalty (𝜆 = 1000), 

fitted on the 𝐾 ≥ 2 cuffs.
• delta: a model 𝑔 maps the pair [𝑥𝑡 − 𝑥𝑐, 𝑥𝑐, BP𝑐] to the change BP𝑡 − BP𝑐, and

B̂P𝑡 = 1
𝐾 ∑𝑐∈𝐶(BP𝑐 + 𝑔(𝑥𝑡, 𝑥𝑐, BP𝑐)).

The delta model was trained on pairs of segments of the same training subject, with two 
randomly chosen reference segments per target segment, so that it applies to any calibration 
point and any time since calibration. The approach is similar in spirit to the estimation of 
blood pressure changes from differences in PPG features relative to a baseline measure-
ment [13]; here, the reference features and pressure are also provided to the model, so that 
it can learn how the change depends on the starting point. Its default implementation is 
XGBoost with the settings above (early stopping on validation pairs).
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2.5.  Recalibration and Tracking
Periodic recalibration replaced the reference by a new cuff every 𝑚 segments (MIMIC-

BP: 𝑚 = 2–15 segments; VitalDB: 3–60 min), using the most recent reference for all seg-
ments until the next cuff. In VitalDB, the interval was counted in retained 10 s segments 
(e.g., 90 segments for 15 min), so it equals or exceeds the nominal clock time where seg-
ments had been excluded. Event-triggered policies requested a cuff when the predicted SBP 
change since the last cuff exceeded a threshold 𝜏 ∈ {5, … , 30} mmHg (with a refractory 
period), optionally combined with a periodic fallback, and an optional subject-specific 
gain on the predicted change was estimated from the user’s previous cuffs with shrinkage 
towards 1. These policies were simulated online: each segment was scored with the estimate 
available before the policy decided on a cuff, so that all policies were scored on the same 
segments. They were compared with periodic recalibration at the same or a lower cuff rate 
(reference: every 5 segments in MIMIC-BP, every 15 min in VitalDB), with the configuration 
selected on the MIMIC-BP validation subjects or, for VitalDB, by leave-one-case-out; an 
adaptive policy was to be declared better only if it reduced SBP MAE by at least 0.5 mmHg 
with a 95 % confidence interval excluding zero (rule fixed before the analysis). Finally, 
causal Kalman filters (states: BP, or BP and bias) and an unscented Kalman filter (BP, bias 
and gain) fused the delta estimates with the cuffs; measurement noise was estimated on 
validation residuals and process noise tuned on validation (VitalDB: leave-one-case-out). 
The autocorrelation of the delta-model residuals was computed to relate the error dynamics 
to the recalibration interval.

2.6.  Lightweight-Model Setup
To assess suitability for a wearable device, the delta model was re-implemented with 

models of decreasing size: the reference XGBoost; a small XGBoost (depth 3, up to 200 trees, 
learning rate 0.1); a small LightGBM (15 leaves, up to 200 trees); RF with 300 trees and 
a small RF (50 trees, depth 8, minimum leaf 20); ridge regression; and a one-hidden-
layer MLP with 32 units. Each was trained with all 65 features and with the 20, 10 and 
5 most important features, ranked by the gain importance of the reference model on the 
training pairs of the same repeat. The cost of the complete pipeline (pre-processing, feature 
extraction and model) was assessed by timing a Python 3.11.18 re-implementation of the 
feature extraction per 10 s segment and by re-training the small model without the five 
Gaussian-decomposition features, whose iterative curve fitting is the most expensive step. 
Model complexity was quantified by the number of parameters (tree nodes or weights), an 
estimate of the on-device memory (8 bytes per tree node, 4 bytes per weight), the number 
of operations per estimate (comparisons along one path per tree, or multiply–adds) and 
the single-thread latency of one estimate measured in Python on a desktop CPU, which 
serves only as a relative reference and not as an estimate of embedded latency. Before the 
analysis, we fixed the rule to select the smallest model whose validation SBP MAE with one 
cuff was within 0.3 mmHg of the reference, and to call it non-inferior on the MIMIC-BP test 
set if the upper 95 % confidence bound of the MAE difference was below 0.5 mmHg.

2.7.  Evaluation and Statistics
Estimation errors 𝑒 = B̂P − BP were summarized by the mean absolute error (MAE), 

the mean error and its SD (ME ± SD), and the British Hypertension Society cumulative 
percentages within 5, 10 and 15 mmHg [34]; because the mean errors were close to zero, the 
root-mean-square error (RMSE) equals the SD and is given only where it aids comparison 
with other studies. The AAMI/ESH/ISO criteria [35,36] are reported only as a reference, 
because the protocol of a retrospective analysis does not meet the requirements of the stan-
dard; the standards for cuffless and continuous devices [22,23] likewise require prospective 
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protocols. The ability to follow a rise into the hypertensive range was assessed as the area 
under the ROC curve (AUC) for detecting segments with SBP ≥160 mmHg among segments 
of subjects whose calibration SBP was below 160 mmHg (new-onset), and the number of 
such subjects is reported. The tracking slope was obtained by regressing the estimated on 
the true change since the cuff. Point estimates are means over the ten repeats. Throughout 
the revised manuscript, all 95 % confidence intervals (CIs) were obtained by a subject-level 
(VitalDB: case-level) cluster bootstrap with 2000 resamples, in which the repeats were kept 
inside each resample, so they describe the uncertainty due to the sample of test subjects; 
the variability due to the choice of training subjects is reported separately as the SD over 
the ten repeats where relevant. Differences between methods were bootstrapped on the 
same resamples (paired). For the new-onset analysis, we additionally report the number 
of positive segments and subjects, and the sensitivity and specificity at an alert threshold 
of 160 mmHg on the estimate. False alarms per hour were computed from two thresholds, 
which are distinct: a segment with reference SBP <160 mmHg (the new-onset threshold) 
and estimated SBP ≥140 mmHg (the alarm threshold) is a false positive (FP); one with 
reference SBP <160 mmHg and estimated SBP <140 mmHg is a true negative (TN). With 
segment duration 𝑑 in seconds, the false-positive rate per hour is 3600 FP/((FP + TN) 𝑑)
(30 s for MIMIC-BP, 10 s for VitalDB), so the denominator is the cumulative monitored time 
of segments whose reference SBP had not reached 160 mmHg. This is a rate of segments 
misclassified as positive, not a count of independent alarm events; because the estimation 
residuals are autocorrelated (Section 3.7), such misclassified segments are likely to cluster 
in time rather than occur independently, so the reported rate describes an average burden 
over the monitored time at risk rather than how alarms would be spaced during continuous 
use. The analysis was implemented in Python (XGBoost, LightGBM, scikit-learn, PyTorch 
2.4.1) and MATLAB R2025b. The analysis code, the model settings and a description of the 
pre-processing are provided as Supplementary Material S1 for review and will be released 
publicly with the article (Data Availability Statement).

3.  Results
3.1.  Calibration-Free Estimation Reaches a Ceiling

Without calibration, all six regressors reached almost the same accuracy on the unseen 
MIMIC-BP test subjects (Table 2): SBP MAE ranged from 12.98 (LightGBM) to 13.25 mmHg 
(SVR) (SD over the ten training repeats 0.02–0.06 mmHg), only about 1.2 mmHg below a 
model that always predicts the training mean (14.23 mmHg). Differences between the tree 
ensembles and the Gaussian process were at most 0.13 mmHg, and the BHS percentages 
within 5, 10 and 15 mmHg (24, 46 and 65 %) were identical across models and hardly 
better than the mean predictor (21, 41 and 59 %). On the external VitalDB cases, the 
calibration-free models did not improve on the mean predictor at all (SBP MAE 14.09–14.87 
vs. 14.06 mmHg). The error depended strongly on the reference pressure (Figure 2b): 
estimates regressed towards the population mean, with a mean error of about −42 mmHg 
at SBP 160–170 mmHg. The sparse high-pressure range contributes to this (Figure 2a, 
Table 1), but the model choice did not change it, indicating that the PPG features carry little 
user-independent information on absolute pressure.

3.2.  Calibration with One to Five Cuffs
A single cuff reading combined with the delta model reduced the SBP MAE on the 

MIMIC-BP test subjects from 12.99 to 11.84 mmHg [95 % CI 11.21, 12.48] and the DBP 
MAE from 8.19 to 6.84 mmHg. Additional cuffs improved the estimate further (three 
cuffs: 11.11 mmHg; five cuffs: 10.79 [10.29, 11.30] mmHg SBP, 5.98 mmHg DBP). The delta 
model was better than offset calibration for every number of cuffs (SBP difference −2.51
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[−3.32, −1.71] mmHg with one cuff and −0.66 [−1.23, −0.09] mmHg with five) and better 
than simply carrying the cuff value forward (−0.87 [−1.43, −0.31] mmHg with five cuffs). 
The Bland–Altman limits of agreement narrowed from ±32 mmHg without calibration to 
−26/+27 mmHg with five cuffs (Figure 3a,b), but the proportional error remained: high 
pressures were under- and low pressures over-estimated.

Table 2. Calibration-free estimation on unseen subjects (65 PPG features, 10 repeats; mean [95 % CI, 
subject-level (VitalDB: case-level) cluster bootstrap]; SD over repeats in the text). BHS: cumulative 
percentage of SBP errors within 5/10/15 mmHg.

Model 
MIMIC-BP Test (229 Subjects) VitalDB (17 Cases)

SBP MAE SBP ME ± SD DBP MAE BHS (SBP) SBP MAE DBP MAE

Training mean 14.23 [13.40, 15.13] −0.38 ± 17.69 9.35 21/41/59 14.06 [12.10, 16.93] 8.49
RF 13.03 [12.30, 13.81] 0.02 ± 16.41 8.24 23/46/65 14.23 [12.46, 16.51] 8.36
XGBoost 12.99 [12.25, 13.79] −0.20 ± 16.39 8.21 24/46/65 14.21 [12.35, 16.70] 9.25
LightGBM 12.98 [12.25, 13.76] −0.22 ± 16.37 8.22 24/46/65 14.09 [12.27, 16.70] 8.80
SVR 13.25 [12.44, 14.04] −0.93 ± 16.79 8.35 24/46/65 14.57 [12.74, 16.78] 8.68
MLP 13.09 [12.37, 13.94] −0.98 ± 16.54 8.27 24/46/65 14.87 [12.91, 17.30] 9.36
Sparse GPR 13.12 [12.38, 13.85] −0.42 ± 16.53 8.28 24/46/65 14.77 [12.70, 16.96] 9.76
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Figure 2. Distribution of blood pressure and its effect on the estimation error. (a) Number of segments 
(bars) and subjects (line) per 5 mmHg SBP bin in the MIMIC-BP training and validation pool (log 
scale); dashed lines mark 160 and 180 mmHg. (b) Mean error per 10 mmHg bin of the reference 
SBP on the MIMIC-BP test set for the calibration-free model and for delta calibration with five cuffs 
(𝐾 = 5); estimates averaged over the ten repeats, bins with fewer than 10 segments omitted. Without 
calibration, high pressures are under-estimated and low pressures over-estimated.

Part of the benefit of additional cuffs was due to their recency rather than their number 
(Table 3). On MIMIC-BP, a single cuff at the fifth segment gave an SBP MAE of 11.05 mmHg, 
0.79 [0.21, 1.38] mmHg lower than a single cuff at the first segment (11.84 mmHg). With 
the most recent cuff fixed at the fifth segment, adding earlier cuffs gave SBP MAEs of 10.87 
({4, 5}), 10.76 ({3, 4, 5}) and 10.80 mmHg ({1, … , 5}) compared with 11.05 mmHg ({5}); 
the change from {5} to {1, … , 5} was −0.26 mmHg (95 % CI −0.56 to +0.04), providing no 
clear evidence of an additional SBP benefit, whereas the DBP MAE decreased from 6.31 
to 5.98 mmHg (−0.33 [−0.56, −0.10] mmHg). In this design, about three quarters (0.79 
of 1.04 mmHg) of the SBP improvement from one to five cuffs was therefore attributable 
to the shorter time since the last cuff, and the number of cuffs mattered more for DBP 
and for the constant method, which averages the cuff readings directly (14.10 with {5} vs. 
11.67 mmHg with {1, … , 5}). On VitalDB, the five segments span only the first minute of 
the recording, so recency did not differ between the sets; there, the SBP differences between 
the sets were not significant, and five cuffs improved DBP over the fifth cuff alone (−1.08
[−1.95, −0.22] mmHg; Table 3). This agrees with the dominant role of the recalibration 
interval (Section 3.5).
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Table 3. Number versus recency of the calibration cuffs (MAE in mmHg [95 % CI], cluster bootstrap; 
evaluation on the segments after the fifth usable segment). Positions refer to the usable segments 
of each subject. The models were re-trained with identical settings (ten repeats) and bootstrapped 
separately for this analysis; small differences from the calibrated-estimation results reported below 
reflect these separate runs.

Cuff Positions
MIMIC-BP Test (229 Subjects) VitalDB (17 Cases)

Delta SBP Delta DBP Constant SBP Delta SBP Delta DBP Constant SBP

{1} 11.84 [11.23, 12.51] 6.84 [6.36, 7.35] 14.61 14.29 [11.73, 17.21] 7.92 [6.53, 9.75] 24.47
{1, 2} 11.41 [10.88, 11.99] 6.49 [6.08, 6.94] 13.16 15.16 [12.38, 18.38] 7.96 [6.54, 9.79] 25.86
{1, 2, 3} 11.11 [10.59, 11.65] 6.27 [5.88, 6.69] 12.23 15.07 [12.21, 18.60] 7.72 [6.56, 8.95] 25.58
{5} 11.05 [10.51, 11.62] 6.31 [5.91, 6.77] 14.10 16.34 [12.16, 22.29] 8.50 [7.24, 10.03] 27.08
{4, 5} 10.87 [10.35, 11.42] 6.00 [5.63, 6.44] 12.84 15.91 [11.90, 21.45] 8.04 [6.74, 9.66] 25.89
{3, 4, 5} 10.76 [10.25, 11.30] 6.00 [5.62, 6.44] 12.14 15.75 [11.80, 21.21] 7.82 [6.41, 9.61] 25.37
{1, … , 5} 10.80 [10.30, 11.31] 5.98 [5.63, 6.38] 11.67 15.11 [11.81, 19.44] 7.42 [6.22, 8.78] 24.37

{1, … , 5} − {5} −0.26 [−0.56, +0.04] −0.33 [−0.56, −0.10] −1.23 [−3.31, +0.29] −1.08 [−1.95, −0.22]
{5} − {1} −0.79 [−1.38, −0.21] −0.53 [−0.97, −0.10] +2.05 [−2.31, +7.97] +0.57 [−1.77, +2.63]

The limitation is quantified in Figure 3c,d. Constant and offset calibration did not 
follow changes (tracking slope 0 and 0.07 on MIMIC-BP), whereas the delta model followed 
38 % of the true change with one cuff on MIMIC-BP and 52 % on VitalDB; changes larger than 
40 mmHg were under-estimated by about 30 mmHg. New-onset hypertensive segments 
(SBP ≥160 mmHg in subjects calibrated below 160 mmHg) were nevertheless ranked well, 
with an AUC of 0.85 [0.74, 0.96] with one cuff and 0.94 [0.85, 0.99] with five cuffs. These 
AUCs rest on few events: 30 positive segments from 9 subjects among 5324 segments of 
227 subjects with one cuff, and 33 positive segments from 11 subjects among 5369 segments 
of 229 subjects with five cuffs. Because the estimates under-estimated high pressures, no 
positive segment reached an estimate of 160 mmHg (sensitivity 0 and specificity 1.00 at that 
threshold); the AUC reflects the correct ordering of the estimates, not their absolute level. A 
lower alert threshold would be required; for illustration only, the threshold that maximized 
Youden’s index on the test set itself (122 mmHg with five cuffs) gave a sensitivity of 0.94 
and a specificity of 0.85, which is optimistic because the threshold was not chosen based on 
independent data. On VitalDB, the AUC was 0.56 [0.36, 0.72] with one cuff (477 positive 
segments from 11 cases). Because the pooled segment-level AUC mixes differences between 
and within subjects, we also computed a within-subject AUC (mean over the subjects that 
had both positive and negative segments) and a subject-level AUC (maximum estimate 
of each subject versus whether the subject ever reached 160 mmHg), and the segment- 
and subject-level performance of fixed alert thresholds (Table 4). Carrying the cuff value 
forward reached a pooled AUC of 0.81, but its within-subject AUC was 0.50 by construction, 
confirming that its pooled AUC reflects only between-subject differences in the calibration 
value. The delta model reached within-subject AUCs of 0.77 [0.63, 0.90] with one cuff and 
0.83 [0.74, 0.92] with five cuffs on MIMIC-BP and 0.73 (one cuff) and 0.67 (recalibration 
every 15 min) on VitalDB, so it did rank the segments of the same subject. As an alarm, 
however, it performed poorly: no estimate reached 160 mmHg, and with a lower threshold 
of 140 mmHg (fixed for this revision, not optimized) the segment-level sensitivity was 
0.15–0.34, the precision 0.18–0.36 and the F1-score 0.19–0.26 on MIMIC-BP, with 0.2–0.9 false 
alarms per hour of monitoring; at the subject level, 55 % (five cuffs) to 69 % (recalibration) 
of the 11–13 subjects with a new-onset event were flagged at least once. With 9–13 positive 
subjects per configuration, all of these estimates are uncertain.

On VitalDB, a single intra-operative cuff did not improve SBP over the calibration-free 
model (14.27 vs. 14.18 mmHg) because the pressure moved far from its initial value during 
surgery, although DBP improved (7.93 vs. 9.24 mmHg)
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Table 4. Detection of new-onset SBP ≥160 mmHg in subjects calibrated below 160 mmHg [95 % CI, 
cluster bootstrap]. Alarm: estimate ≥140 mmHg. False alarms per hour: segments with reference 
SBP <160 mmHg and estimated SBP ≥140 mmHg, as a rate per hour of cumulative monitored time 
among segments with reference SBP <160 mmHg (MIMIC-BP 30 s, VitalDB 10 s segments).

Configuration Pos. Subj./Seg. AUC Pooled AUC 
Within-Subject AUC Subject Sens./Spec. 

(Segment) F1 (Segment) False Alarms/h

MIMIC-BP 1 cuff, constant 9/30 0.81 [0.65, 0.93] 0.50 0.79 [0.60, 0.94] 0.27/0.939 0.04 7.4 [3.8, 11.6]
1 cuff, delta 9/30 0.85 [0.74, 0.96] 0.77 [0.63, 0.90] 0.83 [0.64, 0.96] 0.20/0.995 0.19 0.6 [0.0, 1.5]
5 cuffs, delta 11/33 0.94 [0.85, 0.99] 0.83 [0.74, 0.92] 0.92 [0.77, 1.00] 0.15/0.998 0.21 0.2 [0.0, 0.4]
Recal. 5 segments 13/29 0.93 [0.89, 0.97] 0.80 [0.73, 0.88] 0.95 [0.90, 0.99] 0.34/0.993 0.26 0.9 [0.4, 1.6]

VitalDB 1 cuff, constant 11/477 0.42 [0.23, 0.65] 0.50 0.73 [0.42, 0.96] 0.07/0.864 0.02 49 [0, 125]
1 cuff, delta 11/477 0.56 [0.36, 0.72] 0.73 [0.64, 0.83] 0.53 [0.21, 0.85] 0.00/0.980 0.00 7.1 [0.0, 22.4]
Recal. 15 min 12/447 0.72 [0.47, 0.82] 0.67 [0.51, 0.80] 0.77 [0.47, 0.98] 0.02/0.998 0.04 0.8 [0.1, 1.9]

The mean errors of all calibrated configurations were close to zero (at most 1.3 mmHg in 
absolute value; Table 5), so the error was dominated by its SD, and the RMSE equalled the SD 
within 0.1 mmHg (e.g., 13.52 mmHg SBP with five cuffs). Referenced to the AAMI/ESH/ISO 
criterion (ME ≤ 5 mmHg and SD ≤ 8 mmHg), SBP did not meet the SD limit in any 
configuration (12.4–18.9 mmHg), whereas DBP met it with five cuffs (−0.21 ± 7.99 mmHg) 
and with periodic recalibration (MIMIC-BP every 5 segments −0.35 ± 7.26 mmHg; VitalDB 
every 5 and 15 min +0.98 ± 6.29 and +1.02 ± 7.39 mmHg). The BHS cumulative percentages 
within 5, 10 and 15 mmHg were 28, 54 and 74 % for SBP and 54, 82 and 94 % for DBP with 
five cuffs, and 37, 63 and 79 % and 64, 87 and 94 % with recalibration every 5 segments; SBP 
thus remained below grade C of the BHS protocol, while DBP reached grade B.

Table 5. Calibrated estimation (reference delta model, 10 repeats). MAE in mmHg with subject-level 
(VitalDB: case-level) bootstrap 95 % CI; ME ± SD, mean error and SD of the error in mmHg (RMSE 
equals the SD within 0.1 mmHg). New-onset AUC: detection of SBP ≥160 mmHg in subjects calibrated 
below 160 mmHg.

Configuration SBP MAE SBP ME ± SD DBP MAE DBP ME ± SD Onset AUC

MIMIC-BP test (229 subjects)
No calibration 12.99 [12.25, 13.77] −0.17 ± 16.30 8.19 [7.63, 8.73] −0.76 ± 10.54 0.66
1 cuff, constant 14.61 [13.66, 15.64] +0.55 ± 18.95 8.72 [8.02, 9.48] +0.36 ± 11.67 0.81
1 cuff, delta 11.84 [11.21, 12.48] +0.44 ± 14.93 6.84 [6.35, 7.35] +0.06 ± 9.10 0.85 [0.74, 0.96]
3 cuffs, delta 11.11 [10.57, 11.66] +0.23 ± 13.91 6.27 [5.85, 6.70] −0.09 ± 8.30 0.92
5 cuffs, delta 10.79 [10.29, 11.30] +0.17 ± 13.52 5.98 [5.59, 6.37] −0.21 ± 7.99 0.94 [0.85, 0.99]
Recal. 5 segments 9.45 [9.00, 9.89] −0.38 ± 12.53 5.04 [4.72, 5.36] −0.35 ± 7.26 0.93
Recal. 10 segments 10.41 [9.89, 10.99] −0.10 ± 13.68 5.64 [5.29, 6.03] −0.36 ± 7.95 0.88

VitalDB (17 cases)
No calibration 14.18 [12.41, 16.61] +0.73 ± 18.45 9.24 [7.75, 10.76] +3.54 ± 10.64 0.42
1 cuff, delta 14.27 [11.64, 17.42] +0.46 ± 18.92 7.93 [6.52, 9.75] +0.47 ± 10.36 0.56
Recal. 5 min 8.66 [7.58, 10.01] −0.45 ± 12.38 4.44 [4.11, 4.81] +0.98 ± 6.29 0.84
Recal. 15 min 10.32 [8.92, 12.32] −0.56 ± 14.61 5.27 [4.81, 5.80] +1.02 ± 7.39 0.72
Recal. 30 min 11.13 [9.69, 13.10] −0.44 ± 15.38 5.87 [5.37, 6.51] +1.32 ± 7.92 0.73

3.3.  Errors by Blood Pressure Level and During Large Changes
Table 6 separates the errors by the level of the reference SBP. In the normotensive range 

(90–140 mmHg), which contained 84 % of the MIMIC-BP test segments, the delta model 
with one cuff had an SBP MAE of 9.77 mmHg, and recalibration every 5 segments reduced 
it to 7.74 mmHg. Outside this range, the errors were large and systematic: below 90 mmHg, 
the estimates were too high (mean error +21.1 mmHg with one cuff) and, at 140–160 and 
≥160 mmHg, too low (−22.2 and −37.2 mmHg). Calibration and recalibration reduced but did 
not remove this bias, and on VitalDB the errors at ≥160 mmHg remained about 47–55 mmHg. 
The results above 160 mmHg in MIMIC-BP rest on only 33 segments from 11 subjects.
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Figure 3. Calibration and tracking of SBP changes. (a,b) Bland–Altman plots on the MIMIC-BP test 
set for the calibration-free model and for delta calibration with 𝐾 = 5 (estimates averaged over the 
ten repeats); solid line, mean difference; dashed lines, 95 % limits of agreement. (c,d) Mean error 
versus the true SBP change since the calibration cuff (𝐾 = 1) on MIMIC-BP (c) and VitalDB (d) for 
constant, offset and delta calibration; bins of the change: <−40, −40 to −20, −20 to −10, −10 to 10, 10 
to 20, 20 to 40 and >40 mmHg; bins with fewer than 10 segments omitted. A negative slope indicates 
that the change is under-estimated.

Table 7 shows the errors separately for rises and falls of SBP since the calibration cuff. 
With one cuff on MIMIC-BP, the model reproduced 37 % of rises of more than 40 mmHg 
and 38 % of falls of more than 40 mmHg, with MAEs of about 30 mmHg; carrying the cuff 
value forward reproduced none and gave MAEs of about 49 mmHg. On VitalDB, 45 % of 
rises and 48 % of falls larger than 40 mmHg were reproduced. The under-estimation was 
therefore symmetric for rises and falls. For changes exceeding 40 mmHg, the delta model 
reduced MAE by approximately 37–48 % relative to carrying the cuff value forward, while 
still substantially underestimating the changes.

Table 6. SBP MAE and mean error (ME) by reference SBP level (delta model; mmHg; 95 % CI by 
cluster bootstrap). 𝑛: segments (subjects or cases).

Reference SBP 𝒏 1 Cuff: MAE/ME 5 Cuffs: MAE/ME Recalibration 𝒂: MAE/ME

MIMIC-BP <90 461 (91) 21.1 [18.7, 23.6]/+21.1 20.0 [17.8, 22.2]/+20.0 16.0 [14.3, 17.9]/+15.9
90–140 4522 (227) 9.8 [9.3, 10.3]/+0.4 8.8 [8.4, 9.2]/+0.1 7.7 [7.4, 8.1]/−0.4
140–160 353 (81) 22.3 [19.9, 24.5]/−22.2 21.6 [20.0, 23.4]/−21.6 18.9 [17.3, 20.8]/−18.8
≥160 33 (11) 37.2 [25.2, 43.6]/−37.2 34.8 [29.1, 39.3]/−34.8 28.6 [19.9, 34.6]/−28.6

VitalDB <90 1107 (16) 27.3 [22.3, 35.5]/+27.3 27.4 [23.1, 34.2]/+27.4 22.0 [18.8, 25.5]/+22.0
90–140 20,810 (17) 10.9 [9.1, 13.4]/+3.0 12.3 [9.5, 16.9]/+4.4 7.6 [7.0, 8.3]/+1.1
140–160 1682 (16) 29.4 [24.4, 33.4]/−29.4 26.7 [19.4, 32.4]/−26.4 20.2 [17.7, 22.7]/−20.2
≥160 573 (12) 54.7 [43.8, 59.8]/−54.7 52.2 [38.9, 58.0]/−52.2 46.7 [39.1, 52.2]/−46.7

𝑎 MIMIC-BP every 5 segments; VitalDB every 15 min. Recalibration rows differ slightly in number 
(see Section 2.5).

Table 7. SBP errors during rises and falls since the calibration cuff (one cuff; mmHg). Captured: 
mean estimated change divided by mean true change [95 % CI].

True Change 𝒏 True/Estimated Change Captured (%) MAE, Delta [95 % CI] MAE, Carried-Forward Cuff

MIMIC-BP fall >40 124 (39) −48.7/−18.6 38 [33, 44] 30.2 [26.5, 33.2] 48.7
fall 20–40 600 (101) −28.1/−11.6 41 [34, 48] 17.0 [15.4, 18.7] 28.1
within ±20 3962 (227) −0.2/+0.2 – 9.2 [8.6, 9.8] 8.8
rise 20–40 571 (113) +26.8/+9.9 37 [29, 44] 17.1 [15.3, 19.1] 26.8
rise >40 112 (31) +49.7/+18.5 37 [26, 46] 31.2 [27.1, 35.4] 49.7

VitalDB fall >40 1579 (7) −51.3/−24.6 48 [29, 70] 26.8 [16.3, 35.9] 51.3
fall 20–40 3898 (11) −28.7/−15.5 54 [28, 75] 14.6 [9.7, 21.3] 28.8
within ±20 11,318 (17) −0.8/+2.4 – 9.6 [8.7, 10.9] 9.8
rise 20–40 4817 (16) +29.5/+21.6 73 [43, 90] 10.4 [6.4, 18.9] 29.5
rise >40 2560 (15) +56.8/+25.4 45 [25, 61] 31.4 [22.2, 43.4] 56.8
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3.4.  Effect of Cuff Measurement Error
Adding a random error to the simulated cuff readings increased the error in all calibra-

tion methods, but much less for the delta model than for carrying the cuff value forward 
or for offset calibration (Table 8). With one cuff on MIMIC-BP, a cuff error with SD 5 
and 10 mmHg increased the delta-model SBP MAE from 11.84 to 11.96 and 12.40 mmHg, 
and the DBP MAE from 6.84 to 7.37 and 8.65 mmHg; the corresponding increases for 
the carried-forward cuff were 0.49 and 1.99 mmHg (SBP). With five cuffs, the effect was 
smaller (SBP 10.80 to 10.95 mmHg at SD 10 mmHg), because independent errors average 
out. Recalibration was the most sensitive to cuff error, because every new cuff brings a 
new error: on VitalDB with a cuff every 15 min, the SBP MAE increased from 10.37 to 10.62 
and 11.29 mmHg and the DBP MAE from 5.31 to 6.18 and 7.90 mmHg. A constant bias 
of +5 mmHg increased the delta-model SBP MAE by a further 0.27–0.58 mmHg across all 
simulated configurations (0.27–0.36 mmHg for the configurations reported in the Table 8 
footnote). The ranking of the methods and the benefit of recalibration were unchanged. 
However, DBP, which met the 8 mmHg SD criterion of the standard with an error-free 
cuff and recalibration (SD 7.3 mmHg on MIMIC-BP, 7.4 mmHg on VitalDB at 15 min), no 
longer met it with a cuff error of SD 5 mmHg (8.1 and 8.2 mmHg) or 10 mmHg (10.1 and 
10.1 mmHg; Table 8, DBP error SD); only recalibration nominally every 5 min on VitalDB 
still met it with a cuff error of SD 5 mmHg (7.31 mmHg). The accuracy of the cuff used for 
calibration therefore directly limits the attainable accuracy of a calibrated device.

Table 8. Effect of simulated cuff measurement error (independent Gaussian error added to every 
cuff reading; zero mean; SD 0, 5 or 10 mmHg). MAE in mmHg, mean over ten repeats and five error 
draws; errors computed against the invasive reference.

Data Configuration 
SBP MAE DBP MAE DBP Error SD

SD 0 SD 5 SD 10 SD 0 SD 5 SD 10 SD 0/5/10

MIMIC-BP 1 cuff, constant 14.61 15.10 16.60 8.72 9.66 11.95 11.67/12.66/15.28
1 cuff, offset 14.38 14.88 16.39 8.55 9.49 11.81 11.35/12.38/15.06
1 cuff, delta 11.84 11.96 12.40 6.84 7.37 8.65 9.11/9.65/11.09
5 cuffs, delta 10.80 10.83 10.95 5.98 6.11 6.49 7.99/8.13/8.53
Recal. 5 segments, delta 9.45 9.80 10.67 5.04 6.01 7.83 7.26/8.10/10.07
Recal. 5 segments, offset 10.43 11.39 13.57 5.97 7.43 10.31 8.81/10.11/13.29

VitalDB 1 cuff, delta 14.29 14.47 14.82 7.92 8.56 9.76 10.36/11.01/12.35
Recal. 5 min, delta 8.73 9.07 9.92 4.48 5.53 7.50 6.30/7.31/9.56
Recal. 15 min, delta 10.37 10.62 11.29 5.31 6.18 7.90 7.42/8.23/10.13
Recal. 30 min, delta 11.21 11.40 11.98 5.90 6.59 8.11 7.94/8.63/10.34
Recal. 15 min, offset 12.30 13.16 15.18 6.33 7.72 10.56 8.98/10.33/13.52

The SD 0 results were obtained from the re-trained models and differed from the corresponding 
results in Table 5 by at most 0.08 mmHg. DBP error SD: SD of the DBP error (mmHg) at cuff error SD 
0/5/10. With an additional bias of +5 mmHg, the delta-model SBP MAE was 12.23/12.72 (1 cuff, SD 
5/10) and 10.13/11.03 (recal. 5 segments).

3.5.  Recalibration Interval and Cuff Policy
Accuracy was governed by the time since the last cuff. With a cuff every 5 segments, the 

delta model reached 9.45 [9.00, 9.89] mmHg SBP and 5.04 mmHg DBP on MIMIC-BP; every 
10 segments, 10.41 mmHg. On VitalDB, recalibration every 5, 15 and 30 min gave SBP MAEs 
of 8.66, 10.32 and 11.13 mmHg with the delta model; offset calibration was equivalent at 
5 min (8.36 mmHg) but degraded faster (12.29 and 14.49 mmHg at 15 and 30 min). Figure 4 
shows that the MAE decreased smoothly with the cuff rate, from 12.3 mmHg at one cuff 
per hour to 8.0 mmHg at one cuff every 3 min (VitalDB). Event-triggered cuffs, requested 
when the predicted change exceeded a threshold, did not beat periodic cuffs at the same 
rate: under the pre-specified comparison, no trigger or hybrid policy was selected on the 
MIMIC-BP validation subjects or in any of the 17 VitalDB leave-one-case-out folds, and at 
low cuff rates the best trigger policy was worse than periodic recalibration (VitalDB, one 
cuff per 15 min: 10.95 vs. 10.33 mmHg). Because the external set comprised only 17 cases, 
the errors are reported for every case in Table A2. With recalibration every 15 min, the 
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case-level SBP MAE ranged from 6.5 to 19.9 mmHg (median 9.9 mmHg) and was lower 
than without calibration in all 17 cases; with a single cuff, it was lower in only 8 of 17 cases. 
The case-level error was closely related to the variability in the pressure during the case 
(correlation between the case MAE with 15 min recalibration and the within-case SD of the 
reference SBP, 𝑟 = 0.94); cases 0001 and 0010 had within-case SBP SDs above 27 mmHg and 
large estimation errors. The case-level bootstrap CIs in the tables reflect this heterogeneity. 
A subject-specific gain on the predicted change reduced the MAE only marginally (−0.14
[−0.23, −0.06] mmHg on MIMIC-BP at one cuff per 5 segments).
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Figure 4. SBP MAE of the delta model versus the number of cuff readings for periodic recalibration 
(solid) and for the best event-triggered or hybrid policy at the same or a lower cuff rate (dashed; 
lower envelope of all configurations), averaged over the ten repeats. (a) MIMIC-BP test set, cuffs per 
100 segments (30 s segments); (b) VitalDB, cuffs per hour, with the recalibration interval annotated. 
Logarithmic horizontal axes.

3.6.  Lightweight Models
Model size could be reduced by more than an order of magnitude with little loss of 

accuracy (Table 9, Figure 5). The pre-specified rule selected a small gradient-boosted model 
(depth 3, up to 200 trees) with the 20 most important features, which needs about 6000 tree 
nodes (an estimated 47 KB) and about 1200 comparisons per estimate (2 targets × 200 trees 
of depth 3, i.e., three comparisons per tree), compared with 190,000 nodes (1.5 MB) for 
the reference. Its SBP MAE with one cuff was 12.06 mmHg, a difference of +0.22 [+0.07, 
+0.37] mmHg from the reference; the upper confidence bound was below the pre-specified 
non-inferiority margin of 0.5 mmHg, although the loss was statistically detectable. The dif-
ferences were +0.28 [+0.16, +0.40] mmHg with five cuffs and +0.40 [+0.30, +0.51] mmHg 
with recalibration every 5 segments on MIMIC-BP, and +0.38 [−0.10, +0.97] mmHg with 
one cuff and +0.19 [+0.03, +0.39] mmHg with 15 min recalibration on VitalDB (paired 
case-level bootstrap). The random forest was the least suitable model: 300 trees required 
3.8 million nodes (about 30 MB) and 20 ms per estimate without being more accurate 
(12.19 mmHg). Ridge regression (266 parameters) and a small MLP (4322 parameters) 
were competitive on MIMIC-BP (12.15 and 12.18 mmHg) but failed on the external VitalDB 
cases with a single cuff (19.63 and 21.69 mmHg vs. 14.27 mmHg), and remained worse after 
15 min recalibration (11.24 and 13.92 vs. 10.32 mmHg). The model size does not include 
the pre-processing and feature extraction. The XGB-small model consists of two ensembles 
(SBP and DBP) of 200 trees of depth 3 (all 200 trees were retained by early stopping), i.e., at 
most 15 nodes per tree and 5987 nodes in total; at 8 bytes per node (feature index, threshold, 
child offset), this gives 47 KB, and one estimate requires exactly three comparisons per tree, 
i.e., 1200 comparisons (the 1600 given in the original submission was an upper bound com-
puted as ⌈log2(nodes)⌉ per tree). The complete pipeline additionally needs a buffer of one 
10 s segment (1250 samples, 5 KB in single precision), a third-order band-pass filter applied 
forward and backward (about 3 × 104 multiply–adds), first and second derivatives, beat 
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delineation and per-beat feature computation, each linear in the number of samples, plus a 
multitaper spectrum per beat for one feature and a two-Gaussian least-squares fit per beat 
for five morphology features. To quantify the cost, we timed a Python re-implementation of 
the complete feature extraction on a desktop CPU (single thread, 200 MIMIC-BP segments): 
the 49 published and standard features took 90 ms per 10 s segment (beat detection 0.7 ms), 
the 16 morphology descriptors 165 ms with the Gaussian fit and 3.1 ms without it, and one 
model evaluation 0.4 ms; the complete pipeline thus took about 255 ms per 10 s segment 
(2.6 % of real time), or about 95 ms without the Gaussian fit, and the peak Python heap 
during the extraction of one segment was 485 KB, most of it interpreter overhead. Removing 
the five Gaussian features from the small model changed its SBP MAE by −0.03 mmHg 
on MIMIC-BP with one cuff (11.98 vs. 12.01 mmHg, ten repeats) and by +0.10 mmHg on 
VitalDB with 15 min recalibration (10.51 vs. 10.41 mmHg), so the fit can be omitted on a 
device at a negligible cost in accuracy. These desktop Python measurements do not estab-
lish runtime or memory requirements on embedded hardware; on-device latency, peak 
RAM, and energy consumption remain to be measured. The inference-latency figure above 
(0.4 ms) was measured on an XGBoost pair with the same architecture as the deployed 
small model (132 input features, 200 trees, depth 3) rather than the deployed model’s 
own weights, because per-sample inference time for an already-grown tree ensemble is 
determined by the number and depth of the trees actually walked, not by the specific split 
thresholds or leaf values learned during training; the two are therefore equivalent for this 
measurement, and this does not affect the model-size or operation counts above, which 
come from the deployed model itself. The ten features selected in all ten repeats were 
dominated by second-derivative (acceleration PPG) and pulse-shape descriptors: DT, the 
height and width of the second-derivative wave, the height ratio of its 𝑑 and 𝑒 waves to the 
𝑎 wave, kurtosis, Hjorth mobility, the relative dicrotic-notch height, the 50 % up-stroke time 
and the width of the first Gaussian component.

Table 9. Delta-calibration models of different size (10 seeds, SBP MAE in mmHg). Memory is 
estimated for a flat on-device representation (8 bytes per tree node, 4 bytes per weight); operations 
are comparisons (trees; upper bound ∑trees⌈log2(nodes)⌉, for XGB-small exactly 3 per tree, i.e., 1200) 
or multiply–adds per estimate. * Selected by the pre-specified rule. 𝑏 Recalibration every 5 segments.

Model Feat. Params
Memory

Ops
MIMIC-BP VitalDB

(KB) Val. Test Test Test Recal.
𝑲 = 1 𝑲 = 1 𝑲 = 5 Recal. 𝒃 𝑲 = 1 15 min

XGB (reference) 65 189,505 1481 11,664 11.81 11.84 10.79 9.45 14.27 10.32
XGB 20 167,467 1308 10,411 11.92 11.93 10.92 9.54 14.58 10.42
LGBM-small 65 10,831 85 1494 11.96 11.95 10.92 9.61 14.44 10.40
XGB-small 65 5988 47 1200 12.07 12.02 11.02 9.79 14.65 10.41
XGB-small * 20 5987 47 1200 12.10 12.06 11.07 9.85 14.66 10.51
RF 65 3,805,398 29,730 11,811 12.13 12.19 11.04 9.53 14.53 10.72
RF-small 65 19,747 154 400 12.50 12.41 11.19 9.80 15.64 10.61
Ridge 65 266 1 264 12.38 12.15 11.29 10.32 19.63 11.24
MLP-small 65 4322 17 4288 12.20 12.18 11.07 10.23 21.69 13.92

3.7.  State Tracking and Residual Dynamics
Kalman filtering of the delta estimates between cuffs added little: on VitalDB, it re-

duced the SBP MAE by 0.2–0.5 mmHg (e.g., 10.23 to 9.73 mmHg with 15 min recalibration, 
3 repeats), and on MIMIC-BP by at most 0.13 mmHg; the unscented filter with bias and 
gain states performed like the linear filter. The reason is the structure of the residual: on 
VitalDB, the autocorrelation of the delta-model SBP error was 0.96 at 10 s, 0.66 at 5 min, 0.49 
at 15 min and 0.32 at 60 min, and 84 % of its variance was slow (5 min running mean). The 
error is therefore a slowly drifting bias that only a new cuff can remove, which explains why 
accuracy depends on the recalibration interval rather than on filtering or model complexity.
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Figure 5. SBP MAE versus estimated model memory for all variants of the delta model (8 bytes per 
tree node, 4 bytes per weight; logarithmic axis), averaged over the ten repeats. (a) MIMIC-BP test set 
with one calibration cuff; (b) VitalDB with recalibration every 15 min. Color, model family; marker, 
number of input features (all 65 or the 20, 10 or 5 most important).

4.  Discussion
4.1.  Calibration Is Required for Unseen Users

On subjects not seen during training, six regressors of very different complexity con-
verged to the same SBP error of about 13 mmHg, only 1.2 mmHg below a constant predictor, 
and on an external database they did not beat the constant predictor at all. That the choice of 
model did not matter indicates that the limitation lies in the input rather than in the learning 
algorithm: hand-crafted PPG features describe the pulse shape of a person more than the 
absolute pressure, so a model trained on other people regresses its estimates towards the 
population mean (Figure 2b). This is consistent with the recent scientific statement of the 
American Heart Association, which notes that many cuffless devices need an initial and re-
peated cuff calibration [21], and with reports that calibration-free accuracy is overestimated 
when segments of the same subject appear in training and test sets [18]. For a smart-device 
implementation, the practical question is therefore not whether to calibrate, but how many 
cuffs, how often, and with how large a model.

4.2.  How Many Cuffs and How Often
With the delta model, one cuff reduced the SBP error to 11.8 mmHg and five cuffs to 

10.8 mmHg, and the benefit over simpler offset calibration was significant for every number 
of cuffs. However, most of the SBP benefit of five cuffs came from the shorter time since the 
last of them; with the last cuff fixed, additional earlier cuffs changed SBP by −0.26 mmHg 
(95 % CI −0.56 to +0.04) and improved DBP by 0.33 mmHg (Table 3). For a device, a 
recent cuff is therefore worth more than several older ones. The largest gain, however, came 
from recalibration. Because the residual of the calibrated model is a slowly drifting bias 
(autocorrelation 0.49 after 15 min on VitalDB), accuracy decays with the time since the last 
cuff, and neither Kalman filtering nor event-triggered cuffs could substitute for new absolute 
information. Periodic recalibration was the best policy at every cuff budget we examined. 
The under-estimation of large changes is part of the reason. An event-triggered policy 
requests a cuff when the predicted change exceeds a threshold, but the model reproduced 
only 37–48 % of changes larger than 40 mmHg (Table 7); a true rise of 40 mmHg therefore 
appears as a predicted rise of about 15–20 mmHg, so a trigger set at 20 mmHg fires late or 
not at all, and a lower threshold also fires on the larger number of small, spurious predicted 
changes. In addition, the residual error is a slow drift (Section 3.7) that is not visible in the 
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predicted change at all. Both properties favor cuffs at fixed intervals. This loss of accuracy 
with time since calibration is precisely what current validation protocols do not examine, 
since they test devices immediately after calibration [21]. The resulting curve (Figure 4) 
quantifies it and can be read as a design rule: on VitalDB, recalibration after every 90 retained 
10 s segments—nominally, 15 min—yielded an SBP MAE of 10.32 mmHg, and recalibration 
nominally every 5 min, 8.66 mmHg. This quantifies the trade-off between recalibration 
burden and error in the surgical dataset; it does not establish a suitable recalibration interval 
for ambulatory or home use, which has to be determined on ambulatory data. The intervals 
of 5, 15 and 30 min examined here are practical only where an automated cuff is already in 
place, for example, in perioperative or intensive-care monitoring, where non-invasive cuffs 
are routinely cycled automatically at intervals of a few minutes; there, the PPG estimate 
would bridge the cuff readings. For a consumer device, a cuff every 15 min is not acceptable, 
and our data do not determine which interval would be adequate in daily life; they do 
imply that the stated accuracy of a calibrated device applies only within the interval for 
which it was validated, so that the time since the last cuff should be reported together with 
the estimate. The curve in Figure 4 quantifies this trade-off; it does not prescribe a schedule 
for daily use.

4.3.  Small Models Suffice
Reducing the delta model from about 190,000 to 6000 tree nodes (from an estimated 

1.5 MB to 47 KB) cost about 0.2 mmHg, which is small compared with the 2–3 mmHg 
gained by recalibrating every 5 segments instead of once. Accuracy was therefore limited 
by the information available to the model rather than by its capacity, and a model of 
this size can be evaluated with about 1200 comparisons. This is within the budgets of 
microcontroller-class devices used for on-device machine learning, whose RAM ranges 
from 8 to 264 kB for ultra-constrained processors and from about 60 to 512 kB for standard 
Cortex-M4/M7 microcontrollers, with frozen model parameters typically held in flash 
memory [37]. Because physiological signals are person-specific and the data distribution 
changes after deployment, adaptation on the device is an active topic in this field [37]; 
the delta calibration studied here is a very light form of such adaptation, requiring only 
the stored features and value of the last cuff. Two findings are relevant for the choice of 
model family. First, the random forest was large and slow without being more accurate. 
Second, the linear model and the small neural network, although the smallest, failed on the 
external database, where the pressure range and the PPG acquisition differed; tree ensembles 
saturate outside the training range, whereas linear and smooth models extrapolate, which is 
a disadvantage when a device meets users and conditions not represented in its training data. 
The features retained by the small model were mainly derived from the second derivative 
of the PPG and from the pulse shape, which are robust to amplitude changes and can be 
computed from a single optical channel.

4.4.  Limits of Trend Tracking
Calibration does not make the estimate follow large changes faithfully. The delta 

model reproduced 30–50 % of the change since the cuff and under-estimated changes larger 
than 40 mmHg by about 30 mmHg. This agrees with reports that cuffless devices often 
track pressure changes little better than a baseline that uses only the calibration cuff [21]; 
in our data, the delta model was significantly better than carrying the cuff forward, but 
only by 0.9 mmHg with five cuffs. Whether the gain over carrying the cuff value forward 
is practically relevant depends on the setting. With one cuff, it was 2.8 mmHg SBP and 
1.9 mmHg DBP on MIMIC-BP, about one fifth of the error, and, for changes exceeding 
40 mmHg, the delta model reduced MAE by approximately 37–48 % relative to carrying the 
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cuff value forward, while still substantially underestimating the changes (Table 7); with five 
cuffs, the gain was only 0.9 mmHg SBP. Relative to the remaining SBP error of 11–15 mmHg, 
these gains do not change the clinical usability of the SBP estimate, which remained far 
from the accuracy required of a measuring device (see below); they matter mainly for 
DBP and for detecting the direction of a change. Its predicted changes were nevertheless 
largely correctly ordered: with five cuffs, new-onset SBP ≥160 mmHg on MIMIC-BP was 
discriminated with a pooled AUC of 0.94, but sensitivity was zero at an estimated-SBP 
threshold of 160 mmHg. These results indicate the discrimination of new-onset high-SBP 
segments in MIMIC-BP, but do not establish a clinically usable alert. Lower alert thresholds 
require independent validation, particularly given the poor external alarm performance 
(VitalDB sensitivity 0.00–0.02 at 140 mmHg; Table 4). The estimate should not be used 
to report the magnitude of a large change without a cuff measurement. The number of 
new-onset events in the test set was small (30–33 positive segments from 9–11 subjects), so 
this estimate is uncertain.

4.5.  Clinical Accuracy
The SBP results did not meet the AAMI/ESH/ISO accuracy criterion in any configu-

ration: the SD of the SBP error was 12.4–18.9 mmHg against a limit of 8 mmHg, and the 
BHS grade remained below C. Only DBP met the SD criterion, and only with five cuffs 
or periodic recalibration. Cuff measurement error reduced the number of configurations 
meeting the DBP error-SD threshold; however, nominal 5 min recalibration on VitalDB still 
yielded an error SD of 7.31 mmHg with a cuff-error SD of 5 mmHg (Section 3.4, Table 8). 
The errors were largest exactly where accuracy matters most, at high and low pressures 
(Table 6). The approach studied here is therefore not a substitute for a cuff measurement; 
at best, it can provide a trend between cuff readings and prompt a cuff measurement when 
a change is suspected.

4.6.  Comparison with Previous Work
Our errors are larger than many reported for MIMIC-derived data, for example, SBP 

MAE of 3.52 ± 5.10 mmHg with an MLP-Mixer on PPG and ECG [14], 3.91 ± 5.65 mmHg 
with a transformer and attention-gated recurrent units on PPG, ECG and pulse-transit 
features [16], 4.44 mmHg with a parallel CNN–transformer on PPG [17], and an SBP error 
of −0.17 ± 4.62 mmHg with a multimodal ECG–PPG network [15]. These studies differ 
from ours in the input (several use the ECG or the raw waveform), in the database version 
and segment selection (e.g., SBP restricted to 80–180 mmHg [15]), and, above all, in how 
training and test data are separated. In [15], the non-overlapping 10 s segments were 
randomly assigned to the training, validation and test sets, and in [16] the pooled samples 
of 1000 subjects were randomly shuffled before the split, so that segments of the same subject 
can appear in both training and test data. A model can then recognize the subject rather 
than estimate the pressure, and a public benchmark showed that such leakage produces 
over-optimistic results [18]. That benchmark proposed to express the error relative to a 
predictor returning the training mean (mean absolute scaled error) and reported values of 
about 89–93 % for support vector regression [18]; our calibration-free models reached 91 % 
of the mean-predictor error on MIMIC-BP (12.98 vs. 14.23 mmHg) and did not improve on 
it on VitalDB.

The study closest to ours in design is that of Chen et al. [13], who estimated the change 
in blood pressure from differences in PPG features relative to a baseline measurement and 
added the baseline cuff value, which corresponds to our delta calibration. In 90 healthy 
volunteers who were followed for three months, with subject-disjoint training and test sets, a 
random forest reached an RMSE of 7.15 mmHg for SBP and 5.30 mmHg for DBP [13]. Their 
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cohort covered SBP from 85 to 165 mmHg with changes of −25 to +39 mmHg from baseline, 
whereas our intensive-care and surgical data contain larger and faster changes, which 
the delta model under-estimates (Section 4.4). Both studies thus indicate that differential 
features with a cuff reference are a viable approach for unseen users. Our contribution is to 
quantify, on unseen subjects and on an external database, how the error in this approach 
depends on the number of cuffs, the time since the last cuff and the size of the model, which 
are the pieces of information needed to design a calibrated smart device.

4.7.  Limitations
First, both databases contain finger PPG recorded in intensive care or during surgery, 

not wrist PPG in daily life, and the reference was invasive arterial pressure, which also 
served as the simulated cuff reading; the effect of cuff error was examined only with a 
simulated random error (Section 3.4), whereas a real cuff may also have a person-specific 
systematic error that does not average out over repeated cuffs. Recordings from wearables 
in daily life differ in several ways that are likely to increase the error: motion artifacts distort 
the pulse contour on which the second-derivative and morphology features depend; the 
sensor position (wrist instead of finger), contact pressure and skin perfusion change the 
PPG amplitude and shape independently of BP; and posture, the height of the sensor relative 
to the heart, temperature and physical activity change both the PPG and the BP. A device 
would therefore need a stricter signal-quality check, which reduces the number of usable 
segments, and a recalibration after changes in posture or sensor placement. None of these 
conditions is represented in our data, so the reported errors should be regarded as a lower 
bound for daily-life use. Second, the external database comprised only 17 cases, although 
each contributed long recordings with large pressure changes. Third, MIMIC-BP contains 
few segments above 180 mmHg (17 in the training pool, 3 in the test set), because its curation 
excluded systolic values above 200 mmHg [25]; severe hypertension could not be evaluated. 
Fourth, in MIMIC-BP, the features were computed from the first 10 s of each 30 s segment 
while the reference refers to the whole segment. Fifth, the original feature extractor also 
required an ECG channel; this did not exclude segments in our data (Section 2.1), but a PPG-
only implementation would apply only the PPG checks and could retain slightly different 
segments. Sixth, the sampling rate of the recordings is higher than that of many wearables, 
and the effect of down-sampling on the features was not examined. Seventh, the latency was 
measured in Python on a desktop CPU and the memory was estimated; on-device timing 
and energy consumption remain to be measured, and the cost of pre-processing and feature 
extraction was estimated rather than measured on a device (Section 3.6). Confirming these 
estimates will require a fixed-point or integer implementation of the complete pipeline 
(filtering, beat delineation, feature computation and the gradient-boosted model) on a 
representative microcontroller (e.g., a Cortex-M4/M7-class device), with wall-clock latency, 
peak RAM and energy per estimate measured directly; we did not have access to such 
hardware for the present study, and this remains for follow-up work. Finally, the analysis 
is retrospective and the AAMI/ISO criteria are reported only for reference; a prospective 
validation following the standards for cuffless devices [22,23] is required before clinical use.

5.  Conclusions
On unseen users, PPG features without calibration estimate blood pressure little better 

than a constant, regardless of the regressor. A delta model that predicts the change from 
a cuff reading is the most accurate calibration method, but its error grows with the time 
since the cuff, and periodic recalibration, not filtering or event-triggered cuffs, keeps it low; 
in the surgical data, recalibration nominally every 15 min gave about 10 mmHg SBP error. 
Because accuracy is limited by the information in the features rather than by model capacity, 
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a compact gradient-boosted model of about 47 KB was sufficient in our data, whereas large 
random forests and extrapolating linear or neural models were not. These results provide a 
quantitative basis for designing the calibration schedule and the model of PPG-based blood 
pressure monitoring on smart devices; confirming the recalibration interval in ambulatory 
wrist recordings and measuring on-device latency and energy are the next steps. The 
contribution of this study is a quantitative assessment of what calibration achieves and 
where it stops: the recency of the cuff, the recalibration interval and the cuff measurement 
error largely determine the accuracy. New-onset high-SBP segments were discriminated 
in MIMIC-BP, but no clinically usable alert was established; lower alert thresholds require 
independent validation, particularly given the poor external alarm performance. The SBP 
estimates did not meet the accuracy criteria for BP measuring devices in any configuration, 
and cuff measurement error further reduced the attainable accuracy. Errors were largest 
precisely at the high and low ends of the blood-pressure range where accuracy matters 
most (Section 3.3), and external validation rested on only 17 VitalDB cases; both the alarm-
performance estimates and the external accuracy figures should therefore be regarded as 
preliminary until confirmed on a larger, independent cohort.
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Appendix  A.  Feature List

Table A1. The 65 PPG features used in this study. The ECG-based features of the earlier extractor [28] 
(heart rate and three pulse arrival times) were not used.

Group Features 𝒏 Source

Previously published features (39)
Temporal ST, DT, CT; st_10, st_25, st_33, st_50, st_66, st_75; dt_10, dt_25, dt_33, dt_50, dt_66, dt_75 15  [28]
Amplitude/intensity PIR, PPG_k, ppg_max, ppg_min 4  [28]
Derivative (VPG/APG) dppgH, dppgW, ddppgH, ddppgW, ddppgPH, ddppgFH 6  [8,28]
Pulse-wave indices AI, LASI, IPA 3  [28]
Area S1, S2, S3, S4, As, Ad, areaPPG 7  [28]
Spectral pxx_max (maximum of the multitaper PSD) 1  [28]
Statistical ppg_skew, ppg_kurt, ppg_ent 3  [28]

Standard signal descriptors (10)
Amplitude PPG_pulse (peak minus foot), ps (peak), pd (foot), pm (mean over the beat) 4 this work
Spectral max_power (maximum of the periodogram) 1 this work
Energy TKE_PPG (mean Teager–Kaiser energy) 1  [29]
Hjorth Hjorth_Act, Hjorth_Mob, Hjorth_Comp 3  [30]
Crossings ZCR_PPG (zero-crossing rate of the mean-removed PPG) 1 this work

Morphology descriptors (16)
Pulse contour RI, dT 2  [31]
Pulse contour notch_rel, pw50, up50, RI_sd 4 this work
Acceleration PPG b/a, c/a, d/a, e/a, AGI 5  [8,32]
Gaussian decomposition g_A21, g_dmu, g_s1, g_s2, g_r2 5 this work

Appendix  B.  Errors per VitalDB Case

Table A2. SBP errors per VitalDB case (delta model, mean over ten repeats; mmHg). 𝑛: evaluated 
segments; SD: within-case SD of the reference SBP; ME: mean error.

Case 𝒏  Ref. SBP Mean (SD) No Calibration MAE 1 Cuff MAE (ME) Recal. 15 min MAE (ME) Recal. 15 min DBP MAE

0001 775 129.2 (27.3) 22.8 18.0 (-1.0) 16.3 (−9.7) 7.4
0004 1686 108.2 (17.1) 17.4 12.4 (+1.7) 9.9 (−0.9) 4.1
0005 1880 113.6 (14.9) 12.2 23.5 (+22.9) 10.0 (+3.1) 5.8
0007 1271 122.6 (14.4) 10.7 9.8 (+1.7) 8.6 (−1.3) 5.8
0010 1724 130.7 (27.7) 25.5 26.5 (−21.5) 19.9 (−10.9) 5.9
0013 724 106.7 (11.4) 12.9 12.2 (+8.2) 9.6 (+3.3) 7.0
0016 1050 124.1 (16.3) 14.2 16.8 (−11.8) 10.5 (−3.7) 5.1
0017 1760 108.5 (15.1) 12.8 10.8 (−4.8) 9.9 (−0.0) 3.9
0019 2477 111.0 (13.9) 10.3 9.6 (+1.0) 8.0 (+1.0) 4.9
0020 2253 104.6 (10.5) 13.2 8.5 (+4.2) 6.5 (+3.7) 3.8
0022 1241 125.7 (19.2) 17.3 18.8 (−11.6) 9.8 (−5.3) 4.9
0024 384 134.0 (26.2) 26.3 31.8 (−29.3) 16.4 (−7.5) 8.0
0025 1268 114.2 (16.5) 13.3 15.0 (+8.8) 10.6 (+2.3) 6.1
0026 683 110.9 (12.1) 9.3 13.4 (+10.5) 8.9 (+4.9) 6.6
0027 1124 112.4 (15.9) 13.8 9.2 (−1.3) 10.2 (+1.0) 4.6
0028 2225 112.1 (14.0) 11.2 11.2 (−1.1) 10.2 (+1.1) 5.8
0029 1647 115.3 (12.9) 10.9 12.5 (+9.4) 8.6 (+0.5) 5.3
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