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In medical states prediction, the observations of diferent individuals are generally assumed to follow an identical distribution,
whereas precision medicine has a rigorous requirement for accurate subgroup analysis. In this research, an aggregated method is
proposed by means of combining the results generated from diferent subgroup models and is compared with the original method
for diferent denoising levels as well as the prediction gaps. Te results using real data demonstrate the efectiveness of the
aggregated method exhibiting superior performance such as 0.95 in AUC, 0.87 in F1, and 0.82 in sensitivity, particularly for the
denoising level that is set to be 2. With respect to the variable importance, it is shown that some variables such as heart rate and
lactate arterial become more important when the denoising level increases.

1. Introduction

Precision medicine has the sophisticated requirements for
the accuracy and time efciency of medical treatment that
needs to make use of the physiological signals observed from
the patients. Te observation and analysis of these signals
take a critical role in satisfying the treatment demand [1].
Usually, the clinical physiological signals are directly
monitored and assessed by the clinicians in real time, such
that patients’ physical conditions can be grasped, and
subsequently, the corresponding appropriate treatment is
prepared and then implemented, including medicine usage
and physical therapy. In particular, patients in severe situ-
ations may require uninterrupted on-site monitoring of
clinicians to manage any possible emergent circumstance
timely. For example, the intensive care unit (ICU) is
a dedicated medical function for real-time monitoring of
critically ill patients. Long-term and continuous commit-
ment to medical care is challenging for the clinicians due to

the demand on the high concentration on the treatment,
which may inevitably cause fatigue and a negative impact on
the performing efciency, thereby likely incurring the un-
expected medical accidents and medical costs, such that the
favourable survival rate of the patients becomes difcult to
be guaranteed. Terefore, a reliable monitoring scheme for
the treatment is fundamental to achieve the precision
medicine, as well as high-quality medical care [2].

Machine learning-based prediction of patients’ state is
a promising solution to elevating the performance of real-
time monitoring for medical care, and considerably relieving
the pressure arising from the instantaneous treatment fol-
lowing the situation observation [3, 4]. Te framework of
such state prediction allows patients to receive timely
treatment by predicting patients’ state prior to the state
variation coming up, based on the past and currently
recorded signal data, and assist clinicians to take necessary
and associated actions to tackle the oncoming circumstance.
Tis can largely lift the reliability of real-timemedical care by
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means of providing the prediction for the clinicians in the
form of observed variable value, emergent level, and trend of
patients’ physical conditions. In the practical situation, even
a short period of time of prediction can be precious for
clinicians and patients, which can reduce the tenseness of
clinicians and largely improve the possibility of patients’
survival in the intensive care.

Due to the complicated pathology, it is typically difcult
to recognize a suitable model to accurately describe the
features of the observed data. Statistical modeling, as
a probabilistic way of describing the uncertainty phenom-
enon, aims to learn and analyze the underlying process that
governs the generation of the data, and make predictions for
the oncoming status [5]. For medical monitoring, the pa-
tient’s physical condition is normally represented by dif-
ferent states, and each state indicates the associated level of
severeness. Diferent from the general prediction from time
series, states categorized in the healthcare system shows the
class-imbalance phenomenon, that is, some state accounts
for a large proportion of the whole observations, while some
other state has a very small proportion of data. For example,
among the available observations of the patient’s state in the
ICU, a frequently encountered case is that the state of being
in danger which implies the patient’s condition in emergent
situation has a very low proportion of observations. In
contrast, the majority of the observations are classifed as the
state of being relatively safe. Terefore, this leads to the
apparent imbalance of probability distribution of the dif-
ferent states. Solving such issues is intractable by directly
using the traditional simple machine learning approaches.
Tere is one way to improve the prediction performance by
reducing the weights of observations that are accurately
predicted and increasing the weight of the incorrectly
predicted observations. In this way, the impact of the ob-
servations with low proportions on the prediction results is
expanded to refect the underlying correlated relationship.
Furthermore, the other challenge is that the established
model is desired to have good interpretability, which is
especially important for prediction-based medical assistance
and can show the importance of the explanatory variables. In
this context, based on the known properties of the physi-
ological signal observations, the appropriate statistical
model forms the basis of understanding the causality be-
tween the concerned variables and the generated data, and
the modeling method is developed to characterize the state
predicted using the available data.

To realize precision medicine, the interpretable models
used for predicting patients’ state requires the applicability
of models to the patients with specifc characteristics,
therefore it is quite challenging to design a particular pre-
diction model for a confned group of patients rather than
the whole patients [6, 7].Te targeted patients having similar
physical properties are applied with the same model, such
that it is essential to understand how to group the patients
based on their physical properties. In general, models are
built for describing patients’ physical conditions by ignoring
the individual diference, and then cannot refect the par-
ticularity; hence, such models lack the desired accuracy of
predicting the state that is induced by the individual

diference. To this end, the subgroups of the patients are
determined before the modeling process. For each subgroup,
the correspondingmodel may show better performance than
the generalized model for the whole patient in terms of
predicting the states associated with special observations.
Such states are preferred to be predicted using the subgroup
model instead of the generalized model established based on
the whole observations. Another challenge of modeling
comes from the random noise involved in the measured
signals and caused by the monitoring devices or the mea-
surement process. Leaving out the noise can decrease its
impact on the original signals, and help improve the model
performance. However, if the useful information contained
in the signals is mistakenly treated as the noise, the model
performance is then impaired, which is absolutely undesired.
Terefore, determining the subgroup of patients and
denoising the measured signals are imperative to obtain the
efective prediction of the patient’s state.

Te highlights of this research include the following: (1)
the wavelet transform method is adopted to leave out the
noise contained in the measured physiological signals on
diferent resolution levels, (2) the model XGBoost is applied
to explore the relationship between the input signals and the
response variable state, which has both good model per-
formance and interpretability, and (3) a subgroup analysis is
conducted before the modeling process. For each subgroup,
a corresponding model is established, and the prediction
process is conducted with its corresponding models.

In this article, a subgroup state prediction method based
on wavelet transform is developed to deal with the noise
involved in the measured physiological signals. Te rest of
the article is organized as follows: in Section 2, a review of the
related literature is given. In Section 3, a systematic approach
based on the model XGBoost and subgroup analysis are
proposed in this research. In Section 4, the analysis of the
real data using the proposed scheme is introduced. Con-
cluding remarks and perspectives on the further research are
given in Section 5. All the computations in this research were
conducted using R [8].

2. Literature Review

Diferent from the conventional time series prediction in
terms of data structure, longitudinal data or panel data
prediction aims to address the issues of perspective data
estimation for multiple dimensional datasets, which has the
extensive applications in healthcare [9] and biological
systems [10].

Logistic regression is a representative approach to state
forecasting by handling categorical response variable. Lo-
gistic regression aims to estimate the probability of some
event occurring by formulating the logarithm of the odds for
the event in the form of a linear combination of independent
variables. In [11] logistic regression models were used in
genomic studies to analyze the genetic data linked to elec-
tronic health records, and their performance in the presence
of positive errors in event time was evaluated. Castilla and
Chocano [12] developed robust estimators and Wald-type
tests for the multinomial logistic regression based on ϕ
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-divergence measures and analyzed the robustness of the
approach. Dumitrescu et al. [13] proposed a credit-scoring
model based on an adaptive LASSO logistic regression
model with predictors extracted from decision trees, which
give rise to a signifcant reduction in misclassifcation costs
compared to the benchmark logistic regression. Leong et al.
[14] studied a logistic regression approach to solving the feld
estimation problem using binary measurements. Schuster
et al. [15] applied logistic regression to determine the
presence of confounding bias in epidemiological research.
Wang et al. [16] studied the sparsity-constrained logistic
regression using the Newton method and showed the low
computational complexity as well as the global and quadratic
convergence properties of the proposed scheme. Ruiz et al.
[17] applied the logistic regression model to analyze the risk
factors associated with mortality in HIV patients admitted to
ICU. Te logistic regression has good performance in these
applications but the limit is also obvious. As regression
models are based on the assumption that observations are
mutually independent and identically distributed, models
based on parameter estimation are no longer suitable.

Nonparametric modeling approaches, including some
typical machine learning methods [18, 19], are widely used
to solve the medical state prediction issues. Gao et al. [20]
utilized fve machine learning models including logistic
regression, random forest, LightGBM, XGBoost, and their
ensemble model to early predict the occurrence of acute
kidney injury (AKI) in the next 24, 48, and 72 h for ICU
patients. Results show that their proposed gradient-boosting
decision tree algorithms achieved relatively better perfor-
mance than others. Greco et al. [21] applied logistic re-
gression, balanced logistic regression, and random forest to
predict mortality for COVID patients in emergency phases.
Kurtz et al. [22] presented a structured data-driven meth-
odology to construct the prediction models of the length of
stay and 30 day mortality and compared the prediction
performance by applying multiple classifcation methods to
the ICU dataset. Ibrahim et al. [23] developed a scalable and
robust machine learning framework to automatically predict
adversity represented by mortality and ICU admission and
readmission from time series of vital signs and laboratory
results obtained within the frst 24 hours of hospital ad-
mission. Te solution comprises an unsupervised LSTM
autoencoder for learning the optimal representation of the
time series and a gradient-boosting model for refne pre-
diction by incorporating static features. Lee et al. [24] de-
veloped a multiscale interval pattern-aware network to
improve the temporal mining task based on electronic
health. In general, such methods can have high accuracy of
prediction but their interpretability may not be enough to
support the medical decision if decision rules are required
due to the complex structures of the models.

In addition to the aforementioned machine learning
approaches, the ensemble method has become an attractive
solution to achieving better performance. Wang et al. [25]
introduced a weight decay random forest model to achieve
ICU readmission classifcation based on sparse data and
integrated the missing value analysis and the likelihood
ratio test for the distribution characteristics of time series

indicators. Munera et al. [26] applied a random forest
model to predict the probability of ICU admission or
hospital mortality, which was combined with a logistic
regression model designed to select the clinical variables
and laboratory results that best predicted the outcomes.
Varghese et al. [27] employed the AdaBoost classifer to
achieve early identifcation of COVID-19 patients at risk of
a poor prognosis as defned by the need for ICU and
mechanical ventilation, and showed the favourable per-
formance of the AdaBoost classifer in the prediction.Wang
et al. [28] proposed the model XGBoost to achieve timely
and accurate prediction of the death probability of ICU
patients. Te results showed that XGBoost achieved ob-
viously better performance than the traditional scoring
methods. Based on the analysis above, the model XGBoost
is suggested in this article.

Te input variables are mainly the monitoring signals.
Te noise involved in the signals may infuence the model
performance. In order to explore how the level of noise
infuences the model performance, the denoising method
should be applied before the modeling process. One of the
methods is Fourier transform [29]; Zhai [30] used the
fractional Fourier transformation for seismic data
denoising. However, due to the disadvantages of Fourier
transform, the wavelet transform is proposed in this ar-
ticle. Te model maximal overlap discrete wavelet
transform (MODWT) is a recently developed method in
DWT, which can decompose the original time series into
diferent resolution levels in a study [31]. Te noise of
high-resolution level can be removed afterwards. In ad-
dition to the denoising, the subgroup analysis should also
be applied before the modeling process. Te existng re-
search normally assumes the data originates from one
distribution, which does not vary across diferent in-
dividuals who have diferent baseline information. But the
reality is that the model performance may difer across
diferent individuals, as the data of diferent individuals
difer. In this context, the paper proposes to use the de-
cision tree model to divide the original data into diferent
subgroups before other steps.

3. Methods

Te baseline variables for analysis include age, sex, weight,
and height. A decision tree model CART is applied to ex-
plore the relationship between each baseline variable and the
dependent variable Y across all the patients. Te subgroups
can be determined accordingly, such as a group age< 38. For
the subgroup s, s � 1, 2, · · · , S, the dependent data Ys of
patient n can be expressed as

Y
s
n,· � y

s
n,1, y

s
n,2, · · · , y

s
n,Tn

 
T

, (1)

where n � 1, 2, · · · , N and t � 1, 2, · · · , Tn. Generally, ys
n,t is

a categorical random variable with a status value such as 0 or
1. Te method developed by combing the results from
diferent subgroups is called aggregated method in this
research, while the method using all the data is referred to as
the original method.
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In order to explore how the level of noise infuences the
model performance, the explanatory variable Xs � [Xs

n,k,t] in
group s is transformed with wavelet by using MODWT on
resolution levels j as follows

W
s
n,k,· � W

sj

n,k,1 W
sj

n,k,2 · · · W
sj

n,k,Tn
 , (2)

where individual n � 1, 2, · · · , N, variable k � 1, 2, · · · , K,
and time t � 1, 2, · · · , Tn. Te chosen wavelet basis is the
Haar wavelet, which is defned as

ϕ(t) �
1, t ∈ [0, 1);

0, else.
 (3)

Using dilation and translation, the scaling function at
resolution level j and location r is given by

ϕj,r(t) � 2j/2ϕ 2j
t − r . (4)

Ten, the scaling coefcients can be given by

W
sj

n,k,t � <X
s
n,k,t,ϕj,k >. (5)

Te higher resolution level implies that less noise is
involved in the resultant scaling coefcients. For example,
the variable on resolution level 0 is the original variable
without denoising, while that on a higher level contains less

noise and less detailed information. In order to achieve
a robust model for each subgroup s at resolution level k, the
data of all patients are combined into one data as follows

W
s
k � W

T
1,1: K,1: T1−g, W

T
2,1: K,1: T2−g, · · · , W

T
N,1: K,1: TN−g 

T
, (6)

where Ws is the explanatory variable for subgroup s across
all the patients from 1 to K, and across all the possible
observations from 1 to time Tn − g with g as the time gap. In
this way, the corresponding Ys is given by

Y
s

� Y
s
1,g+1: T1

, Y
s
2,g+1: T2

, · · · , Y
s
N,g+1: TN

 
T
. (7)

Te model in use is the ensemble method XGBoost,
which is short for eXtremeGradient Boosting. As an additive
model, it works by approximating its optimization function
with the second order Taylor expansion. It fts the residuals
generated from the last basic model and combines all the
previous models to yield the fnal ensemble model.

P Y
s

� 1  � XGBoost W
s
k( . (8)

With a time gap g, at resolution level j, the model can be
trained as XGBoostg,j,s for subgroup s. Since one patient has
four diferent baseline variables, the patient may belong to
multiple subgroups such as age< 38 and height< 173. Te
predicted P(Y � 1) for patient n is the averaged probability
from those subgroups. For a new observation Xn,.,t, to
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Figure 1: Te decision tree result of how the baseline information infuences the state’s rate. Te model in use is CART, and the baseline
variables include age, height, sex, and weight.Te state ratio for each individual is the percentage of state one over all his or her observations.
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predict the dependent variable at time t with gap g at
resolution level j, the prediction result is expressed as

P(Y � 1) �
1
m



m

s�1
XGBoosts W

s
k( . (9)

By assuming Y � 1 if P(Y � 1)> 0.5, the performance of
the model is measured by the metrics AUC, F1, and sen-
sitivity. Sensitivity and specifcity are two metrics measuring
the percentage of true positive (negative) observations out of
the total positive (negative) observations. F1 and AUC are
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Figure 2:Te results of the method under diferent noise levels and prediction gaps.Te performance of the aggregated method based on 13
models is better than the method based on the original data without a subgroup.
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two metrics combining the information of sensitivity and
specifcity with higher values indicating the better
performance of the model.

4. Real Data Analysis

Tis dataset was collected during routine care at the De-
partment of Intensive Care Medicine of the Bern University
Hospital, Bern, Switzerland [32]. It was designed to study the
early prediction of circulatory failure in the intensive care
unit. Te dataset was collected during 2008 to 2016, in-
cluding deidentifed demographic information, physiologi-
cal variables, diagnostic test results, and treatment
parameters. Te data have been preprocessed by Hyland

et al. [33], and the imputed data to be analyzed in this
research contain the 18 most predictive meta-variables with
a fve-minute time grid. Te number of individuals is 33,905
whose observations range from hundreds to thousands. For
more detail, please refer to Hyland et al. [33].

In order to explore how the baseline information in-
fuences the patient states, a tree model is built by using each
baseline variable as the input and the percentage of the state
value of one for each patient as the response variable. To
build an adequate and small tree, the parameters of the tree
are set to be 0.0001 for the complexity and 2 for the max
depth. Te results are shown in Figure 1. Although the
chosen splitting criteria may not be signifcant under the
hypothesis, it truly gives a reference for the subgroup
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Figure 3:Te results of the variable importance.Te frequency value is the percentage of one specifc variable being selected in the ensemble
XGBoost trees.
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analysis. By using the splitting criteria shown in Figure 1, the
subgroup can be arranged as follows: (1) age< 38, (2)
38≤ age< 53, (3) 53≤ age< 68, (4) 68≤ age, (5) height < 173,
(6) 173≤ height< 183, (7) 183≤ height< 188, (8)
188≤ height, (9) sex =M, (10) sex = F, (11) weight < 63, (12)
63≤weight < 93, and (13) 93≤weight. In the rest of the
analysis, the model is trained and validated under each
subgroup. In this way, there are 13 diferent models. In order
to compare the subgroup performance and the performance
with all the observation without any subgroup, the model is
further trained across all the individuals as the 14th model.
In total, there are 14 models.

Te model performance diference under the aggre-
gated subgroup method or the original method has been
explored under diferent noise levels 1,2, . . ., 8, and
diferent prediction length gaps 1, 5, 10, and 20. Te
results in Figure 2 show that resolution level 2 is the best
level among all the 8 choices, as it leaves out adequate
noise but keeps the useful information. And thus,
MODWT on resolution level 2 is proposed in the further
research. In terms of the prediction gaps, the model
XGBoost is robust under diferent gaps among all the
performance metrics: AUC, F1, and sensitivity. Com-
pared with the original method, the aggregated method
shows better performance in most cases, with even 0.05
higher in the metric values sometimes.

From the results shown in Figure 3, the variable im-
portance is measured by the percentage of being selected in
the ensemble tree model XGBoost. Te higher the per-
centage of the frequency, the more important the variable is.
Te frst column of the fgure shows the most important six
variables, the second column shows the second important six
variables, and the last column shows the least important
variables. Across diferent denoising levels, variables show
diferent behaviors. For example, in the second column, the
variable heart rate becomes more important when the
denoising level increases. Te variable lactate arterial also
becomes more important as well. Te model performance
shows little diference among diferent prediction gaps.

5. Conclusion

In this research, an aggregated method is developed by
combining the results from the subgroup models trained by
each subgroup data. Te performance of this method is
compared with the original method which has all the data
trained in one single XGBoost model. Te aggregated
method generally has the better performance measured by
AUC, F1, and sensitivity. Te diference becomes obvious
when the denoising level increases. Te best noise level
chosen is level 2, which can leave out redundant noise but
still keep the useful information. When the denoising level
increases from level 2, the model performance decreases
obviously. When the prediction gap increases, the model
performance is still robust. In terms of the variables in-
volved, their performance is measured by their frequency
to be chosen in the XGBoost model. Te performance is
compared under diferent denoising levels and prediction

gaps. Results show that some variables such as heart rate
and lactate arterial become more important when the
denoising level increases.

With respect to the future research, the subgroup can be
developed based on multiple variables instead of a single
variable with one dimension. In addition to the four baseline
information variables, more possible variables could be
included for a better decision, for example, patient history.
Te model XGBoost can be further developed for a better
performance with more interpretable variable importance.

Data Availability

Te source code in the method is available from the cor-
responding author upon request. Te real data in the ap-
plication can be requested from Hyland et al. [33].
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