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Beat-to-beat ambulatory blood pressure estimation based on random
forest

Rui H€', Zhi-Pei Huang, Lian-Ying Jit, Jian-Kang W, Huihui L and Zhi-Qiang Zhar®y

Abstract—Ambulatory blood pressureiscritical in predicting
some major cardiovascular events; therefore, cuff-less and
noninvasive  beat-to-beat ambulatory blood pressure
measure-ment is of great significance. Machine-learning
methods have shown the potential to derive the relationship
between physio-logical signal features and ABP. In this paper,
we apply random forest method to systematically explorer the
inherent connec-tions between photoplethysmography signal,
electrocardiogram signal and ambulatory blood pressure. To
archive this goal, 18 features were extracted from PPG and
ECG signals. Several models with most significant features as
inputs and beat-to-beat ABP as outputsweretrained and tested
on data from the Multi-Parameter Intelligent Monitoring in
Intensive Carell database. Resultsindicate that compared with
the common pulse transit time method, the RF method gives a
better performance for one-hour continuous estimation of
diastolic blood pressure and systolic blood pressure under both
the Association for the Advancement of Medical
Instrumentation and British Hyper-tension Society standard.

I. INTRODUCTION

PTT and ABP. Therefore, a calibration procedure could be

applied to obtain the parameters in the linear equation. As

numerous physiological factors modulate the vessel and blood
parameters, it is necessary to run continuous re-calibration,
which makes measure devices designed based on those
methods uncomfortable to use in daily life.

To avoid the recalibration procedure, one potential idea is
estimating parameters in M-K equation from physiological
signals such as the pulse and electrocardiograph (ECG) wave.
Various researches have shown that waveform properties of
those signals are related to equation parameters more or less.
Such as K Value extracted from the pulse wave reflects vessel
elasticity [2]. Heart rate (HR) derived from ECG waves is also
associated with ABP [3]. In our previous study [4], 28 pulse
wave time-domain features were proved to have correlations
with ABP. Our results thus suggested those features are
potentially useful in solving the recalibrating problem of PTT
method. In fact, there have been studies focusing on
estimating ABP from parameters extracted from various
physiological signals based on Machine LearnifdL )

As a result of interaction among cardiovascular contrgbchniques [5].
mechanics, continuous ambulatory blood pressure (ABP)

provided to be an important physiological parameter for

In one representative study [6], researcher colleBfed

stratifying cardiovascular risks and guiding therapy [1]Photoplethysmography (PPG) and ECG from 410 individuals,
Therefore, ABP monitoring is useful in clinical situations likehen tested the performance of several ML techniques for BP
disease diagnosis, drugs experiment and surgical procedurgstimation The random forestRF) technique obtained the

best result. However, the blood pressure values in the study

Since ABP monitoring plays a significant role in manyyere collected by an aneroid sphygmomanomstethey
respects, it is necessary to develop bedteat noninvasive gign’t apply the technique to beat-to-beat ABP estimation.
ABP measurement methods. Numbers of approaches haysther study concentrated on using common PTT method t
been used in solving the problem. The pulse wave velociggicylate beate-beat ABP values on the Multi-Parameter
(PWV) related methods are most promising due to the reasgfe|ligent Monitoring in Intensive Care (MIMIC) database
that they are cuff-less, relatively more convenient than othgf] pue to the lack of available record in database, researcher
approaches and comfortable to use in long-term monltonngomy use data from 9 patients. By importing data from

PWV related blood pressure measurement technique \dMIC-Il database, we were able to apply RF and PTT
developed based on Moens-Korteweg (M-K) equation as inMethod to estimate be-beat ABP on dataset froi285

5
puw =D _ [E€”
PTT pd

where PTT is pulse transit time,, D, o, d and k are
parameters of the vessel, whilestands for blood densityn |
most studies, a linear relationship is believed to exist betwe

individuals in our study to overcome shortages mentioned

(1) above.

This work has two purposes. One is to determine whether
more features extracted from ECG and PPG signal could be
applied to improve accuracy of PTT-based ABP estimation

thod. For this purpose, 18 time-domain features and
corresponding BPs from each dataset were colledibd
other purpose is to check whether RF technique performs
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standards among all available datasets to come to The branch width features are chosen according to [11], while

conclusion. the AmBE feature is chosen according to patent [12].
Il. MEeTHoD C. Feature selection
A Data collection and feature extraction After extracting all the features and target value groups, a

. . L . _feature importance measurement procedure was imported to
The Muiti-Parameter Intelligent Monitoring in Intensive, . featyres following [13]. The RF model based ranking
Care Il (MIMIC-II) database is a massive database recordipge oy was chosen due to the reason that it is simple and

data from temporal patients in ICU [8]. MIMIC-II containS e ctive for non-linear relationship description. The principle
more subjects than the previous MIMIC database. Currenfly . woihod is to use each pfeaturepto train 5 Rpror

thefre teX'St ?35f0 L‘?Cﬁrds tre.corded t'from mXé?: thLaPnGZO gression model for ABP evaluation separately. The
patients, part of which contains continuous ' a%ynificance score of each feature is then evaluated as the

ECG signals at the same time, providing an available daI; : )
. . arson correlation between the model’s outputs and target
source for this study. All the available data were download ' W vy g

from MIMIC-II via query builder explorer [9]. 285 records
longer than 1.5 hours and contain both ABP, ECG Il and PPG RF are formed by growing a collection of decision tree
signal were selected for feature extraction. WFDBtructured classifiers {hx( ®x), k=1, ...K} which output a
Toolbox[10] was introduced to peak and onset detection #ector of class labels yrom input &, ©y). {® are
ABP and ECG signal. A derivative based algorithm waikidependent identically distributed random vectors with
applied to PPG signal in the detection procedure. Finkfly, values range from 1 to ,NN is splits number. The RF
features were extracted for each heart beat based on the pgweakliction is asn

and onset position detected. In addition to the 15 features 1 &

including RRI, PTT, RBW, RBWand DBW (x from 10 to ~

75) illustrated in Fig.lother 3 features including K value, y(x) ZNZh(X@k) (6)
AmMBE and RBA were calculated as equation (2), (4) and (5): k=1

- for regression. In practice, a two-step procedure is intraduce
K — PP%o — PPA L) @ to generate those trees according to [14]. At step one,

- ppg(t))— ppd 5-) bootstrap method is applied to randomly select N samples

from all samples. At step two, for each tree in the forest, each

In which node is corresponding to a group of samples. To grow a tree,
select m features randomly for each leaf node, then divide the

lues on the test set.

S 1 & samples in the leaf node to its child nodes according to one
PP%o R Z ppd ) () feature. The feature could provide greatest information gain
o' "0lio among m features. Usually, the preferred m value is the square
root of the number of available features [15], so for each
feature mis 1. For the concern of train time, use 100 as value
1 & i) — of K. A 3-fold cross-validation was applied to avoid
AMBE = > Ppg(i)~ PPY(E) (4 over-fitting, during which 70 percent of train set data were
te—t 55 PPY( L) randomly selected for training while the left 30 percent were
. , applied for testing for 3 times. The top-ten highest ranking
_8 N & . 5\ feature vector Xand corresponded scores were recorded for
RBA=a ppg()! A pre()) ) gps.
=y J=o
*------=-- RRI=====--=--
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Figure 1. lllumination of pulse wave feature points and feature



Although the relevance of features to ABP could beercent of the set which reaches BHS and AAMI standard
revealed by the scores, correlation between different featuedger all datasets were recorded. Mean square error (MSE)
still remained unknown, which may lead to featur§yas used as an accuracy interpreter. Then correlation
redundancy. Therefore, correlation analysis was carried 0éﬂalysis was carried between estimated BP and measured BP
between all the highest ranking features of SBP and DB o' attain the Pearson correlation coefficient (r). For each

represented by the correlation coefficient (r) and the p-valye , . ;
(p). Those features which were significantly correlated (|r| chnique and BP type, those datasets whose estimated values

0.85, p < 0.05) were selected. For each group of significant{f"® significantly correlated with measured values were
correlated features, only the one which has the highest scegorded.

were selected. It should be noted that although ABP It should be noted that all the programs were written in
estimation was applied to each record separately, the featpyghon using APIs provided by scikit-learn module [16].
selection procedure was performed on the whole mixed
dataset.

D. ABP estimation The feature ranking results for SBP and DBP are shown in

o Fig. 2. According to the result, RBW and DBW features have
One-hour beate-beat estimation of SBP and DBP werépe most important impact on BPs. Correlation study was

run on each record separately. Both train set and test set are alkormed  to identify if those impacts come from the
the feature-BP pairs within a specific period of time. 3Qqrelation between those features and PTT. It turns out that
minutes was selected as train set length to expand the ranggg{yso DBW33. DBW25 and DBW10 show significant
BPs values while one hour was chosen as test set length. Lgrféjelation (r€ [0.8535, 0.8668]) with each other. The result

I1l. RESULTSAND DISCUSSION

duration data were partitioned to generate train/test set pair§ icates that the shape of pulse wave descending limb barely
ensure all the dataset have approximately same time Ien%{ nges with time growth. According to Fig. 2, the importance

with each other. Finally, there were totally 1246 pairs of da DBW50 feature ranks higher than other DBW features for

for DBP and 1260 pairs for SBP. BPs estimation was theébp As a result. the DBW10. DBW25. DBW33 were
performed for each pair respectively using two techniques: exclljded when it céme to SBP e,stimation.,No features were

e LR. The principle of this method is assuming that &moved when estimating DBP. As illustrated in Fig. 3,

linear correlation exists between features and BPs &4BLE I. , TABLE Il. and TABLE lll. , the RF technique
in the equation performs better than the LF technique, while the latter shows

slight enhancement compared to common PTT method.

the common PTT method is based on the linear relationship
between PTT and BPs so it is basically an LR method with one
where bp={SBP, DBP}. By applying plain ordinary feature. As the LR technique with 18 features results better
least square method to this equation, we get thkan the PTT method, it is proven that some of those 22

n
bp _ pbp o] . i . i
y* = p; +Zﬂ| PXe (i) (7) Two conclusion could draw from those results. On one side,
=1

parameter vectg? as features could provide extra information when it comes to the
T ydy Ty, bp estimation of beats-beat BPs. On the other hand, RF
B=(XeX) " Xe (8) technique shows a higher accuracy than the LR technique,

especially for SBP estimation. This result could help validate

e RF. The principle of this method is mentionedli€.  the conclusion of [6]. It might be the nonlinear characteristic
Instead of one feature, we use all the selected featUg§SRE that leads to the result.

for BP estimation. For SBP the feature number is 7,
m=2, for DBP the feature numberism=3. To reveal the source of estimation error, correlation analysis
) ) ) ) was applied to train/test set BP ranges and BP estimation
As with each technique, the estimation procedure took tWasgs. Of all results, the correlation between the test set BP
steps. For the first step, a 10-fold cross validation was run gghge and corresponding MSE is most significant for both
the train set. The purpose of the step was to acquisiti®BP and DBP, as illustrated in Fig. 5. This phenomenon
specific ML model parameters and avoid over-fitting. For thimdicates that the performance of RF method degrades when
second step, SBP and DBP were estimated fromtbdmtat applied to subjects with wildly fluctuated BP values. The
features. Then the estimated BP values were compared wigture deficiency is a potential cause for the result.
measured BP values to determine whether the result reaciyeghould be noted that thei still a large scale of datasets
BHS and AAMI standard. which could not meet both BHS and AAMI standafdsny
For comparison purpose, a PTT-based method [7] wasasons may lead to this resulitsFof all, we didn’t exclude
imported to estimate betd-beat BPs on all the datasets. Thehose who had cardiovascular diseases from the database.

fundamental base of this method is the equation However, it’s known that renovascular disease or use of
bp bp bp procaine hydrochloride could result in an abnormal change in
yr=6"+pPTT (9) blood pressure and reduce the accuracy of estimation

wherebp={SBP, DBP}. Obviously the PTT-based method is
an LR method with PTT as the only feature.

E. Statistics
To compare the performance of difference technique,
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Figure 2. Feature ranking result.
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Figure 3. Percent of data reached each BHS standarc

TABLE |. PERCENT OFDATA REACHEDAAMI| STANDARD
BP Technique Used
Type RF LR Typical PTT
DBP 90.70% 88.21% 83,31%
SBP 66.12% 59.90% 53.65%
TABLE II. MSE (MEAN%STD.)
BP Technique Used
Type RF LR Typical PTT
DBP 4.44+3.72 4.98+4.31 7.12+17.98

BP Technique Used
Type RF LR Typical PTT
SBP 8.29+5.84 9.32+7.65 12.77+41.19
TABLE Il NUMBER OF SIGNIFICANTLY CORRELATED SIGNALS
BP Technique Used
Type RF LR Typical PTT
DBP 297 290 123
SBP 271 271 109
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= Output of LR = Output of common PTT
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Figure 4. Invasive BPs and prediction BPs output by different
methods (MIMIC-II record: a46108_0030).

Although the RF technique has an advantage over other
methods, its weakness could not be neglected. Firstly, the
estimation speed of RF is much slower than LR though the
forest scale is relatively small. On average RF technigue takes
20 times longer than LR technique, so using the technique for
real-time estimation might be difficult. Secondly, due to the
multi decision tree structure of RF method, one feature can
appear in more than one tree in the estimation procedure. As a
result, the relationships between different features and outputs
are not obvious to observe. Therefore, analyzing the result
doesn’t give us much insight about the physiological meaning
of different features.

To summarize, the use of more features, as well as RF
technique, leads to higher accuracy for one-hour toclad¢at
SBP and DBP estimation. The technique could be potentially
applied to enhance the performance of common noninvasive
cuff-less BP monitoring method. Due to the problem of
reduced estimated accuracy with target BP range variation,
further investigations should be undertaken to obtain more
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