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Abstract—The structure of healthcare time series data (vi-
tal signs, disease progression, and physiological sensor mea-
surements) has high levels of complexity, leading to difficult
forecasting tasks. There are many challenges facing traditional
forecasting methodologies due to their inability to capture vari-
ability and non-linear relationships present in the healthcare
datasets. This paper proposes a healthcare time series forecasting
framework using a hybrid method of Gaussian Processes (GP)
and Dynamic Time Warping (DTW) for data retrieval to enhance
accuracy as well as efficiency in forecasting. In doing so, DTW
is used to identify and select historical sequences that show
similar temporal patterns as the target time series, allowing
irrelevant records to be eliminated and improve the training
of the models. Once a subset of historical sequences has been
identified and selected via DTW, Gaussian Process regression is
then applied to the remaining sequences to model temporal de-
pendence and provide probabilistic forecasts, including estimates
of forecast uncertainty. Performance evaluations of the proposed
methodology in comparison to traditional machine learning
based methods. and statistical methods using healthcare-related
temporal datasets indicate the proposed method demonstrates
significantly improved forecasting performance. Improvements
include: improved forecasting accuracy, improved robustness
to noisy observations, and reduced computational overhead.
The combination of DTW-based subset selection and Gaussian
Process modeling offers a viable solution to healthcare forecasting
applications to enable more dependable clinical decision support
and proactive monitoring of patients.

Index Terms—Healthcare Analytics, Time Series Forecasting,
Gaussian Processes, Dynamic Time Warping, Machine Learning,
Predictive Healthcare, Clinical Decision Support.

I. Introduction

The enormous increase in digital health care systems and
their subsequent increase in the amount of time-dependent
medical records created via electronic health records, wear-
ables [1], and patient monitoring systems, and sensors has
produced a tremendous amount of temporal, time-based med-
ical data. Health care time series data contains valuable
insight into patient condition, disease progression and re-
sponse to treatment, and physiological trends. Timely and
accurate forecasting of the temporal data provides critical
support for clinical decision making; early disease detection;
responsible allocation of resources; and personalized health
care management.There are a variety of challenges associated
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with healthcare time series forecasting due to the complexity
of medical data [2]. There are nonlinear patterns, irregu-
lar sampling intervals, missing observations, and high levels
of variability between patients in both physiological signals
and patient health records. Traditional statistical forecasting
methods like ARIMA models can have difficulty capturing
lower accuracy of predictions. As such, there is a growing
need for more complex machine learning techniques capable
of modeling complex temporal dependencies and providing
accurate estimates of uncertainty [3].

Gaussian Processes (GPs) are a powerful and popular proba-
bilistic machine learning model for predicting time series data.
Unlike traditional regression models, GPs are able to model
nonlinear relationships between variables and estimate the
uncertainty associated with predicted values, both of which are
important in healthcare where assessing risk is a common part
of making decisions [3]. However, because the computation
of a GP model requires , GPs are often not practical when
working with large amounts of healthcare data.Similarity-
based data selection methods can help to identify the most
helpful historical data points to be used in the construction of
a GP model [4]. One common technique for determining how
similar two sequences are is known as Dynamic Time Warping
(DTW); DTW allows for the alignment (re-sequencing) of two
time series, even if they are of different lengths and have
been distorted in time [9]. By identifying previous patterns
that are most similar to a current (target) pattern, DTW is
able to help find subsets of previously-collected data that will
provide useful information while filtering out irrelevant or
noisy data. This results in a computationally less intensive
method of creating a GP model, as well as creating a more
accurate model [5].

This research proposes a framework for the time series
forecasting of healthcare data using a hybridized approach of
Dynamic Time Warping (DTW)-based subsetting and Gaus-
sian Process (GP) regression [9], [10]. The DTW algorithm
will be used to find subsets of historical data with similar
temporal patterns, and these subsets will then be used to fit
a GP model that can predict future values [6]. The goal of
this work is to increase the accuracy of forecasting while still
being able to do so efficiently in terms of time and resources



and provide estimates of confidence in the predictions made
[6].

This paper makes the following major contributions:

1) A new framework for forecast construction in healthcare
time series data that integrates Dynamic Time Warping-
based sampling and selection of past events using Gaus-
sian Process regression models [7].

2) A more effective means of identifying the most relevant
historical data to be used as input into Gaussian Pro-
cess regression models, thereby reducing the amount of
computation required by these models [7].

3) Improved accuracy in forecasts by employing pattern
matching based on similarity and incorporating proba-
bilistic techniques in the learning process [6], [7].

4) An extensive experimental analysis of the proposed
methodology is performed on multiple healthcare time
series datasets, employing standard performance metrics.

5) The applicability of this framework for making clinical
decisions, monitoring patients, and performing predic-
tive analytics on healthcare data is demonstrated [8].

Sections II to VI of this paper detail several issues associated
with advanced forecasting methods for time series data. The
last section, Section VI, contains the summary of the entire
study and outlines its proposed future directions and applica-
tions [8].

II. RELATED WORK

There has been much interest in time series forecasting in
health care because it can support clinical decisions, track dis-
ease progression, and predict patient risk [10]. There are many
statistical and machine learning methods available that can be
applied to model temporal health data [10]. Classic methods
for forecasting include Autoregressive Integrated Moving Av-
erage (ARIMA) and Exponential Smoothing Techniques, both
of which have been used to analyze the time series of medical
records. While both of these classic time series forecasting
methods have proven useful in modeling time series that are
linear and stationary, these methods can struggle to find the
nonlinear and complex relationships typically found in health
data [11]. Several new machine learning methods have been
developed to forecast health care [11]. For example, have
received increased interest. Generally speaking, the aforemen-
tioned deep learning approaches require a large amount of
training data and do not typically have high interpretability or
provide good estimates of uncertainty [12].

Because a Gaussian Process (GP) can effectively model
non-linear relationships while providing a prediction confi-
dence interval, GP regression has become one of the more
appealing choices for forecasting time series data in health-
care (due to the non-parametric nature of GP models, as
well as the probabilistic framework of GP regression) [13].
A wide range of studies have demonstrated the ability of
Gaussian Processes to predict physiological signals, monitor
patients, and model disease progression [13]. However, the
computational burden associated with GP modelling increases

with the amount of training data available, thus making it
more difficult to apply GP modelling to large-scale datasets in
healthcare.To overcome this challenge of sample selection, re-
searchers have used different approaches to develop similarity-
based methodologies [14]. A simulation of one such similarity-
based method is Dynamic Time Warping (DTW), which is
commonly used in the measurement of similarity between two
temporal sequences that differ both in length and tambal of
time [15], [16]. There are many applications of DTW to health-
related areas, such as ECG analysis, trajectory comparisons,
activity recognition, and modeling of disease progression [15].
By identifying areas of alignment between two sequences,
the DTW algorithm can provide relevant information from
historical data, thereby improving prediction capabilities [16].

A graphical representation of the proposed method for
forecasting is shown in Figure 1. The data used in the fore-
casting is composed of many sets of historical healthcare time
series (and also the target series, which has some observations
missing) [17]. To help obtain a temporal similarity between
the historical sequences and the target sequence, the technique
Dynamic Time Warping (DTW) is used to align them [17].
Once this has been completed, only the most similar training
sequences remain which allows for the exclusion of irrelevant
patterns in order to yield better computational efficiency. Using
only the selected training sequences then, the target values
will be predicted using a Gaussian Process (GP) regression
model [18]. The GP does not only predict future observations
of the target series, it also estimates the uncertainty associated
with the predicted values [17], [19]. This is very helpful as
decision-support systems can operate with multiple sources of
uncertainty. Therefore, utilizing DTW and a probabilistic GP
for forecasting will help improve not only the accuracy but also
the reliability of the forecasts for heterogeneous healthcare
time series [19].

III. Notation

Let’s take into account a healthcare dataset that has multiple
subjects and records temporal observations relating to those
subjects. We can say N is the overall number of subjects in
the dataset. For each of these subjects there are healthcare
measurements that are taken on a continuous basis over time
[20].

The input feature matrix for the ¢
as

th subject is represented

X,‘ = {xi(tl),xi(tg),...,xi(tmi)} (1)

where z;(t;) denotes the observed feature vector at time
t;; and m; is the full potential of observations that can be
recorded for subject index 7.

Similarly, the response time-series corresponding would be
expressed as

Y; = {yi(tl)?yi(tQ)""7yi(tmi)} (2)

The target healthcare outcome y;(t;) has been measured at
the observed time ;.
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Fig. 1. Illustration of the proposed SS-GP forecasting framework. (a) Training and target time series, where target observations are available only up to time
t+d. (b) Temporal alignment of the training sequences with the target sequence. (c) Selection of training sequences exhibiting temporal characteristics similar
to those of the target sequence, while dissimilar sequences are discarded. (d) Forecasting future target values using the selected training sequences together
with the available historical target observations. The predicted future trajectory is represented by the red dashed line.

The times at which the measurement of healthcare is taken
are often taken on irregular or unevenly spaced intervals.

t <ty <o <t 3)

Between multiple subjects, there are different time intervals
from one observation to the next.

Let (X7,Yr) represent the target subject of interest for
which future estimations are going to be computed. Please
note that estimates can only be computed for the target subject
based on observable information collected through time ¢,.

Yr = {yr(t1),yr(t2),...,yr(ta)} 4)

The goal here is to predict future values past the observation
horizon at time ¢.

Dynamic time warping (DTW) is used in this approach
to identify relevant historical patterns by measuring the dis-
tance (similarity) between the target and training/reference
sequences within the context of DTW. The DTW distance
between target and subject ¢ is given by [21]:

D; = DTW(Y;, Yr) (5)

Based on these similarity scores, a subset of the most
relevant subjects is selected as

S =1{Y;| D; <4} (©)

where 0 denotes the DTW similarity threshold.
The selected subset S is then used to train a Gaussian
Process (GP) forecasting model. The GP prior is defined as

f(t) ~ GP(u(t), k(t,t')) (7)

where 1(t) represents the mean function and & (¢, ¢’) denotes
the covariance kernel.

The future healthcare outcome at prediction horizon h is
estimated as

§(ta+h) = f(X7,5) +e (®)

where € ~ N(0,0?) is Gaussian noise.



IV. Time Series Forecasting
A. Time Series Forecasting Methods

Many forecasting methods have been suggested for mod-
elling temporal healthcare data, and this section provides a
summary of most of the methods used in this study [22].

Maximum Likelihood Estimation (MLE): The maximum
likelihood method is used to find the model parameters that
will produce the highest possible likelihood given the observed
data. observed target variable (Y). A pth degree polynomial
forecasting model can be represented as follows [20]:

p
y(t)=> Bit' )
1=0

where 3; The optimal polynomial coefficient vector can be
determined through the process of estimating and predictions
based on the observed measurements of the target individual
through maximization of the probability associated with those
measurements. Since estimates only rely upon the observation
of the specific measurements of an individual, the final model
is highly individualised. However, when limited or few ob-
servations have been utilised to build the model, the overall
prediction accuracy of the model will typically decrease.

Maximum A Posteriori (MAP): Maximum a Posteriori
(MAP) estimation builds on Maximum Likelihood Estimation
(MLE) by including additional information from previously
measured subjects [?], [22]. While MLE relies completely on
the target data, MAP combines the likelihood of the data that
has been collected with a prior distribution on the parameters.
By using Bayes’ theorem, the benefit of making use of both
the sample data and the prior knowledge accumulated at the
population level can result in better accuracy when there is
little sample data to use for estimating parameter values [23].

Autoregressive Integrated Moving Average (ARIMA):
Traditional statistical forecasting method that uses autoregres-
sive and moving average components to identify temporal
dependence. The simple representation for this model is given
as ARIMA (p,d,q) where p = autoregressive order, d =
differencing order and q = moving average order. ARIMA
works well for time series data collected at regular intervals
but normally requires pre-processing when observations occur
at irregular intervals [24].

Long Short-Term Memory (LSTM): Memory is created
within the Long Short-Term Memory (LSTM) networks by
means of their memory cells; these are designed to hold
information of many time steps for an extended period of
time. use a set of gating mechanisms to maintain or discard
memory, respectively. This structure allows LSTM networks to
model non-linear temporal patterns and is therefore well suited
for use in forecasting healthcare outcomes or for monitoring
patient health data over time [25].

Gaussian Processes (GP): Gaussian Process (GP) models
have become a useful way to conduct time series forecast-
ing from a probabilistic perspective. GPs do not use a set
of parameters to define their underlying relationship to the
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Fig. 2. Normalized Euclidean distance comparison between similar and
dissimilar time series. (a) Time series exhibiting patterns similar to the
reference sequence produce lower normalized Euclidean distance values. (b)
Time series with temporal characteristics different from the reference sequence
result in higher normalized Euclidean distance values. The reference time
series is represented by the solid green curve.

target variable but instead produce a distribution of potential
functions and estimate future output values by measuring
covariance between the existing observations [26].A GP model
is specified as

f(@) ~ GP(m(z), k(z,2")) (10)

The mean function is given by m(x), and the covariance
kernel is indicated by k(x,z’). The covariance kernel serves
to determine similarity between observed examples and to
provide a model with prediction capabilities and an estimation
of uncertainty. GPs are therefore well suited for health care-
related applications because of their flexibility and ability to
handle small amounts of data [27].

Autoregressive Gaussian Processes (AR-GP): The
Autoregressive-Gaussian Process (AR-GP) modelling tech-
nique combines autoregressive (AR) principles with Gaussian
Process (GP) regression. This allows historical observation
values at prior time steps to be considered as predictor input
variables for the model, so that both temporal dependencies
and the probabilistic nature of GP prediction are captured
within this modelling framework. AR-GP models have been
shown to perform well in predicting the longitudinal progres-
sion of disease and making healthcare-related predictions [28].

GP modelling techniques represent a middle-ground be-
tween prediction accuracy, measurement of uncertainty and
suitability for sparse healthcare data. Thus, the proposed
framework will use GP regression along with a Dynamic
Time Warping (DTW) based sub-sample selection strategy to
enhance forecasting accuracy.

V. METHODOLOGY

A. Dynamic Subset Selection

A major contributor to forecasting model performance is
the suitability of the historical training data used to build



that model. Additionally, in healthcare, many patient records
do not share the same time-based patterns. Consequently,
when choosing training records wherever possible, select only
those records which most closely match the target patient’s
time-based progression. This will allow for a higher level
of forecasting accuracy and a reduced level of computational
complexity [29].
Let us denote the target response series as

Yr = yr(t1),yr(ta), ... (11)

where observations are available up to time ¢4. Furthermore,
consider a collection of IV historical response sequences

,yr(ta)

Y =Y1,Ys,...,Vy. (12)

To find out which of the historical sequences have any
particular patterns in time that are similar to the desired
sequence, a way of measuring how similar one sequence is
to another would be to compute a distance value from the
desired time series data to each of the historical sequences.

When comparing sequences of identical long lengths, a
typical method for measuring similarity is via Euclidean
distance between each series.

d

D (wilk) = yr(k))2.

k=1

Dg(Y;,Yr) = (13)

But healthcare time sequence data tend to have unequal
lengths, random sampling times, and different speeds of de-
velopment. That can make it difficult to see how similar two
sets of sequences (time series) are using just the Euclidean
distance metric.

One way to accomplish this is to use Dynamic Time
Warping (DTW) which allows for two time series to be aligned
by non-linearly distorting their x-axes and calculating the
smallest cumulative distance (or "DTW distance”) between
them. For the purposes of this discussion, I will refer to the
DTW distance between an existing time series and the target
time series [30].

The concept of Dynamic Time Warping (DTW) is an ex-
tension of the traditional Euclidean distance. Unlike Euclidean
distance, DTW allows for the comparison of one sequence
with potentially many different time points within the other
sequence so that we can compare time-series with unequal
lengths. In addition, DTW will also tolerate temporal shifts
and local variations along the time axis [31].

The DTW algorithm has two steps. The first step involves
creating a local cost matrix that contains the pairwise distances
between the respective elements of the two sequences. Then,
by cost-minimising the cumulative alignment cost of these
local costs, the optimum warping path through the low-cost
regions of the matrix is determined [32].

As demonstrated in Fig. 3, the DTW algorithm computes
the alignment of two time series by pairing up points with their
corresponding most similar points using dotted lines. The total

DTW distance is calculated by summing up all the distances
of the corresponding aligned points. It is observed from the
example that the time series in green is more temporally
similar to the time series in Fig. 3(b) compared to the time
series in Fig. 3(a).

To compute similarity, the computation of time series re-
sponse variables is performed. The proposed distance metric
can then easily be applied to applications that employ multiple
input features of multivariate origin and one univariate output
sequence. This assumption holds true for many healthcare
forecasting problems where multiple clinical variables are used
to estimate one long-term outcome. The use of multidimen-
sional DTW formulations is possible if the application has
multiple recorded output sequences [33].

1) Subset Selection

After computing the DTW distance vector

QF = {wf,wi, ... Wl

This explains how samples that best match the target time
series will be chosen for use as models via some adaptivey™
threshold method whereby those samples closest to the mean
will be chosen, but only if they are within a certain dis-
tance/threshold from the target.
1) Distance ranking: The DTW distances are arranged in
ascending order to obtain

ot = [of,ef,...,ok],
where
of <@t Ve=1,...,N-1

2) Turning-point detection: The analysis of the differ-
ences between sorted distances from one time period
to another can be used to find places where there is
an abrupt increase in DTW distance; these points are
referred to as turning points that represent a change from
a much less similar time series to a more similar time
series.

3) Adaptive threshold determination: The first significant
turning point is selected as the threshold value, denoted
by wygp. All training sequences satisfying

+
w; < Wih

are included in the selected subset

X7
which contains the nearest neighbors used for model
training and prediction.

Through the use of an adjustable thresholding process, the
user is no longer required to define a subset of neighbors
ahead of time and can allow the algorithm to choose the proper
quantity of nearby sequences based on the naturally occurring
distribution of DTW (Dynamic Time Warping) distances. The
algorithm can also utilize other turning points in order to
create a larger ballpark of candidate subsets for additional
analysis/model improvement.
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Fig. 3. The DTW distance calculations between the time series represented in the two images illustrate discrepancies for the two different lengths of time
series when connected by dotted lines to show the matched time series points. The reference time series has been drawn in dark green. When comparing
image has a DTW distance of 170 indicating a large difference in how closely aligned the sequences are temporally, and image (b) has a DTW distance of

6.9 showing that those sequences are much more closely aligned temporally.

D; = DTW(Y;, Yr), (14)

Where each D; is the corresponding similarity score for the
it training record.

After computing DTW on all previous records, sequences
become ranked by their similarity score. From this point
forward, we will select this collection of the most similar
sequences to represent our model as follows:

(a) DTW distances, dissimilarity measures between time series,
plotted in ascending order with some possible choices of threshold values.
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contains only the M most relevant training samples, where
M < N. By Only relevant training samples are included
in this subset, where we filtered out the irrelevant temporal
patterns. By filtering out the irrelevant temporal patterns, we
are focusing the forecasting model on past informative obser-
vations. The resultant subset will then be used for Gaussian
Process training and future predictions of healthcare outcomes.

As illustrated in Fig. 4(a),In a manner similar to the process
outlined above, we will create an ordered DTW distance
profile to classify each of the training subjects using their
DTW distances to the target sequence in order of ascending

threshold values. (b) Selection of the closest training subset for forecasting
using the proposed heuristic.

value. The ordered distance profile provides for identification
of potential threshold candidates that effectively segregate
sequences demonstrating high similarity from those exhibiting
less relevance. The first significant turning point (or elbow) on
the distance curve will serve as the selected subset-selection
threshold. This elbow represents a maximum information and
minimum variability collection of training samples for the
selected training subjects [34].



Fig. 4(b) The proposed heuristic is applied to a case study.
The closest subset for subjects is formed by selecting subjects
with the lowest DTW distance during training phase. Both the
temporal patterns are closely similar to each other(t < t;r),
meaning that the trajectories of the selected subjects are
consistent with the target subject trajectory during the fore-
casting phase. Thus(t > tj), the subset-selection approach is
successful in identifying relevant temporal behavior for future
forecasting using Gaussian Processes.

Algorithm 1 :Temporal Realignment of Training Sequences

Require: Target time series Y7,
{"1,Ys,.... Yy} R
Ensure: Temporally aligned training subset .S
1: Initialize aligned subset S < ()
2: for each training sequence Y; do

3:  Compute the DTW alignment path between Y; and Yr

training sequences

4:  Determine the optimal temporal correspondence
5:  Warp Y, according to the alignment path

6:  Generate the aligned sequence Y;

7. AddY; to S

8: end for

9:

Remove duplicate alignment points if necessary
10: Preserve temporal ordering of observations
11: return S

Algorithm 1 describes the temporal realignment procedure
employed in the proposed framework. For each selected train-
ing sequence, Dynamic time warping (DTW) is used to find
the best alignment path between two time series based on
DTW distance. This identified correspondence then allows
the one-time series to be transformed into the other using
DTW distance.training sequence into a temporally aligned
representation. This alignment process enables the matching
of similar temporal events occurring at different rates, thereby
improving the effectiveness of the subsequent Gaussian Pro-
cess forecasting model.

VI. EXPERIMENTS
A. Baseline Methods

The performance of the proposed DTW-GP forecasting
framework will be compared to different baseline forecasting
techniques using the same data set. Numerous statistical and
machine learning bases are used widely to forecast time series.

1) Polynomial Regression

A parametric forecasting approach using a third-order poly-
nomial regression model is implemented. Maximum Likeli-
hood Estimation (MLE) is first used to estimate the coefficients
of the model on the training data. Then prior information about
the values of the parameters obtained through the training
subjects is incorporated into the model’s parameter estimates
using Maximum A Posteriori (MAP) estimation. After this, the
response variable for each test subject is predicted based on the
resulting model. According to the results of the experimental
analysis, third-order polynomials provide better prediction

performance than either lower or higher order polynomial fits
[35].

2) ARIMA

The ARIMA model is a statistical baseline for forecasting
temporal healthcare data. Since ARIMA requires observa-
tions to be uniformly sampled, missing values were imputed
by linear interpolations. Optimal model parameters (p,d, q)
were determined using grid-search methodology. The trained
ARIMA model was used to generate forecasts based on
available observations to the prediction horizon [?], [36]

3) Long Short-Term Memory (LSTM)

Long Short Term Memory networks are designed to learn
and model complex nonlinear relationships in time series data.
The LSTM network is made up of memory cells and gating
operations that control how much information to allow to flow
through The LSTM network is trained at every time step using
an Adam optimization algorithm with the goal of reducing
forecasting errors from the predicted output versus ground-
truth output.

4) Autoregressive Gaussian Process (AR-GP)

The AR-GP framework applies both autoregressive models
and Gaussian Process regression structures. A system with
missing observations must be addressed through forward-
filling. This means the newest valid observation is propagated
through all later, invalid time-points (missing) to create a
complete set of time points for analysis. Once created, a set of
GP parameters is estimated through minimization of a negative
log-likelihood function [37]

5) AR-GP with MICE Imputation

To assess the effectiveness of advanced methods for dealing
with missing data, MICE (Multivariate Imputation by Chained
Equations) is applied in conjunction with the AR-GP model.
MICE uses the interrelationships that exist between various
variables to arrive at estimated values for missing data by
repeating the estimation until an end point is reached. After
completion of this process, the completed dataset will be
utilized to build an AR-GP model; this will enable a direct
comparison between standard techniques used to deal with
missing data versus advanced techniques.

All of the methods that will be compared against each
other will undergo the same evaluation process. The evaluation
methodology for this comparison will use a leave-one-subject-
out cross validation protocol. Each subject will serve as the
validation set once, while every other subject will serve in
the original building of the model. This evaluation process
will allow for a comprehensive evaluation of the accuracy of
forecasted values from various time-series datasets in the field
of health care [?].

B. Datasets

1) Healthcare Datasets

Longitudinal observations gathered over long time frames
provide the foundation for accurate modelling of health pro-
gression. Generally, the information necessary for these anal-
yses is acquired through electronic health records (EHRs),
wearable technologies, and continuous monitoring systems.



TABLE I
GESTATIONAL WEIGHT GAIN DATA SET DESCRIPTION
Characteristic Value
Number of Subjects 80
Data Type Univariate Time Series

Response Variable
Observation Period
Data Collection Device
Location

Sampling Frequency
Forecasting Task

Body Weight (kg)
Pregnancy Duration
WiFi-Connected Smart Scale
Eindhoven, The Netherlands
Irregular
Gestational Weight Prediction

Despite existing deep learning models demonstrating remark-
able predictive power, their effectiveness often relies on access
to a large number of subjects with a high enough frequency of
observations. However, in realistic healthcare settings, it may
only be possible to have access to a limited amount of patient
data from the earliest stages of a disease until sufficient data
is available to develop accurate prediction models utilizing
sparse observations [36], [37].

To demonstrate the feasibility of the forecasting framework,
the authors investigated a real-life healthcare dataset related to
monitoring weight gain during pregnancy [38].

2) Gestational Weight Gain Dataset

Monitoring a woman’s weight during her pregnancy is
important for maternal healthcare, as both inadequate and
excessive amounts of weight gain can lead to negative effects
on both mothers and babies. Therefore, detecting inconsistent
patterns of weight gain early on allows for timely clinical
intervention and better management of the pregnancy [37],
[38].

This study uses a set of weight data from pregnant women
from multiple countries in Europe. Women were enrolled in
the study early in their pregnancy and had regular weight
measurements taken throughout their pregnancy. Participants
were weighed on wireless smart scales, which automatically
transmitted weight measurements to a centralised database
each time they were weighed [38], [39].

The data set is a univariate time-series forecasting prob-
lem with respect to body weight measured over time. The
goal of the study is to use past observations of weight
measurements (historical data) to predict future body weight
trajectories (future data) and identify potential deviations from
the expected amount of weight gain during pregnancy. The
dataset’s characteristics are summarized below [?]. is provided
in Table L.

VII. RESULTS DISCUSSION
A. Gestational Weight Gain Prediction

To determine how effective forecasting models can be
at predicting gestational weight gain, a specific task was
established to predict the future weight trajectory of a woman,
based on a limited set of recorded observations on the subject.
Specifically, prior to time ¢4, a subject will have been recorded
with a measure of her gestational weight. At time ¢4, the goal
is to predict the future weight of the subject at the end of

her pregnancy, while only using observations obtained prior to
time t4 as input data for developing/estimating future weights
[38].

As such, monitoring the amount of weight a pregnant
woman gains during pregnancy has important clinical impli-
cations (as deviating from recommended weight gain ranges
increases the risk for negative maternal/neonatal outcomes);
therefore, accurate early prediction of women’s gestational
weight and their subsequent progress can facilitate timely med-
ical interventions and individualized pregnancy management
[371, [39].

The forecasting models were assessed against each other
by the number of previous observations used to predict future
weight values; that is, ingested for each of the four obser-
vations used as input to each of the models three different
accuracy levels were compared for each subject’s forecasting
models—before and after the subject reached time ¢;. The
forecasts were compared against each subject’s actual post-t,
measurements to determine the overall prediction accuracy of
each model evaluated against each model’s original prediction
inputs [39].

Figure 5 presents the average prediction error The exper-
imental findings indicate that, generally speaking, when ¢4
values are varied for different subjects to forecast using both
the new subset-selection Gaussian Process [SS-GP] and a
traditional or regular Gaussian Process [GP], there is reduction
in forecast error with increasing numbers of observations
indicating that longer histories of patient data will provide
better training data for the model being developed.

Also, when comparing the prediction errors produced by
the two forecasting approaches; SS-GP consistently produces
smaller forecast errors than the GP approach does. Thus, this
suggests that the forecast process will produce better predic-
tion quality when temporally similar patients are selected as
training data.

To establish whether the above-specified enhancements in
prediction error have significant statistical quality, we have
verified that the performance gains that have been developed
via the SS-GP forecasting approach by performing statistical
tests of significance for paired observations (paired t-tests).
Our statistical analyses support the inferred improvements in
prediction accuracy that the SS-GP method has shown to
be statistically significant; therefore, this would support the
application of the SS-GP method for gestational weight change
forecasting, especially in cases where there are only limited
amounts of longitudinal historical data [39].

Statistical analysis was conducted to evaluate the signifi-
cance of the forecasting results at a 5% An examination of
statistical analysis has been conducted to assess significance
via testing. Findings from experimental operations indicated
that the model proposed (SS-GP) yields significantly better
results than most baseline methods by all measures used.
The only exception was against the MAP-based model, which
performed similarly to the method that was introduced; this
similarity can probably be attributed to the fact that the
population is very simple when looking at the gestational
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Fig. 5. The MAE (Mean Absolute Error) for predicted weight on the delivery
date is shown for various types of forecast models . The prediction error is
reduced in size with more training data . The SS-GP model proposed has an
MAE consistently less than those of the baseline methods .

weight gain dataset [28], [29].

For larger observation windows (tq > 220 days), The
ARIMA model has the least amount of forecasting error
compared to other forecast methods. At the end of pregnancy,
forecasting methods provide a physician with little useful
information as an average delivery occurs around 277 days
after the beginning of the pregnancy. Methods of forecasting
should be able to provide accurate forecasts at the earliest
stages of pregnancy, which will assist in providing timely
healthcare interventions [31], [33].

The prediction uncertainty from the models created using
all the subjects in the training dataset was much greater than
was predicted due to the variation of the weight gain across
subjectsFig. 6 (a). That is to say, the variable weight gain
over time created substantial variation in the model predictions
when data from all of the subjects were included. These
results illustrate the success of the proposed subset-selection
algorithm.

B. Alzheimer’s Disease Progression Prediction

Contrary to the gestational weight gain problem, where the
objective of the model is to predict the endpoint of the preg-
nancy in terms of weight gained throughout the process using
a series of daily measurements, in the case of Alzheimer’s
disease, the goal of the model is to forecast the patient’s
cognitive state at each follow-up visit. This is necessary since
each patient’s cognitive assessment is made about every six
months [26].

In our proposed study, the accuracy of the model was
tested using three commonly used cognitive assessment tests:
The Mini-Mental State Examination (MMSE), the Alzheimer’s
Disease Assessment Scale-Cognitive Subscale (ADAS13), and
the Clinical Dementia Rating Sum of Boxes (CDRSB) are
three different types of clinical testing that provide information
regarding levels of severity and progression of the disease.
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Fig. 6. Comparison of Gaussian Process forecasting performance. (a) Predic-
tion using the complete training dataset, resulting in higher prediction error
and lower confidence due to inter-subject variability. (b) Prediction using
the proposed subset-selection Gaussian Process (SS-GP), where selecting
temporally similar subjects reduces prediction error and improves confidence.

cognitive decline and can be used for testing the efficacy of
the proposed method.

Prior to the forecasting process, the temporal alignment
process described in Section 4.2 is carried out on the data from
the training subjects. The first step involves the determination
of the optimal threshold value for the target patients according
to their existing records and alignment using Dynamic Time
Warping (DTW) [29], [32].

For evaluating the performance of the proposed realignment
technique, the standard deviation of the aligned cognitive
scores is calculated at each measurement time point and
compared to the corresponding value derived from unaligned
data. Decreasing standard deviation implies higher consistency
within the training set, which means that the realignment
algorithm works effectively by grouping patients with similar
progressions [10], [15].

The proposed approach is validated by using the leave-
one-subject-out cross-validation method, where each subject
is regarded as a separate test sample while the other subjects
form a training set. Thus, a comprehensive validation of the
model’s forecasting accuracy can be performed [41].

The proposed SS-GP framework utilizes a previous statisti-
cal time series analysis, dynamic time warping (DTW), to first
locate a subset of the training subjects whose temporal patterns
closely match the target training subject. Once this “informa-
tive subset” of subjects is identified, the Gaussian Process (GP)
model is then restricted to using only this informative training
subject subset for forecast creation, thus focusing the forecast
on the most appropriate historical observations. Accordingly,
the SS-GP’s approach to forecasting produced forecasts that
had lower standard deviations and higher mean square errors
than other techniques shown.Fig. 6(b).



The temporal realignment framework was evaluated with
a leave-one-subject-out validation. For each individual test
subject, the chosen training sequences were aligned to the
target sequence before the model was trained to produce an
estimate for that test subject. After the model was trained on
aligned ADAS13 scores and predicted values, we calculated
the standard deviation of the predicted ADAS13 scores to
quantify the variability of the aligned ADAS13 measurements
and compared it to a baseline derived from the original dataset
of unaligned subjects and their corresponding timepoints.

Based on the results of the experiments, temporal realign-
ment has provided a more consistent set of training samples
than previous methods. Over 80% of the subjects evaluated
had a lower standard deviation after realigning their ADAS13
scores than their corresponding baseline values, indicating
that the ADAS13 measurement scores were more temporally
consistent across each of the selected sets of aligned training
sequences. Furthermore, the reduced standard deviations in-
dicate that subjects with similar rates of disease progression
have been temporally aligned [41], [42]

These results indicate that the temporal realignment tech-
nique effectively reduces temporal inconsistency in longitu-
dinal records for patients and provides a more cohesive de-
piction of the progression of disease. Therefore, the ADAS13
measurements obtained after temporal realignment will form
a better foundation for the development of predictive models
and will facilitate more accurate prediction of the progression
of Alzheimer’s disease. [34], [35]

Figure 9 In order to assess the effectiveness of the fore-
casting framework for how Alzheimer’s Disease progresses,
the amount of subject data available on each target was
consecutively increased every 6 months between the 30th
month and the 108th month of the study. Each of the 67
subjects who completed the study provided data regarding
their progression, and all 67 subjects’ data sets were assessed
through a leave-one-subject-out cross-validation methodology;
the average prediction error was then calculated for all sub-
jects.Figure 8 The ADASI13 cognitive assessment score was
modeled using the proposed SS-GP model, and Figure 7 shows
the results. Each curve on the plot represents a different
number of observed instances of a given prediction relative
to its actual performance prior to predicting the ADAS13
score for the target subject and all future instances of their
ADASI13 score or scores. Data points along each of these
five curves represent the average amount of prediction error
at each future point in time after the prediction was made.
From the experimental results, it can be noted that accuracy is
highly affected by two factors: the duration of the observation
period and the horizon used in the forecast. More precise
forecasts can be achieved when the model has access to more
longitudinal data since it better understands how the disease
evolves. However, the longer into the future the forecast is
done, the larger the forecasting error becomes, which is caused
by the increased uncertainty in the long-term evolution of the
disease.

In summary, the research findings indicate that the SS-GP

approach is capable of using the patient’s historical data and
taking into account the temporal similarity to generate reliable
forecasts of their cognitive deterioration [42].

C. Performance Analysis

Fig. 11 We provide an all-encompassing comparison of the
DTW-GP framework and some typical forecasting systems.
The graphic shows the actual and predicted healthcare time-
series values from the system, uncertainty of the forecasts,
accuracy of the forecasts compared to other forecasts, trends of
the forecasting errors for given forecasts, and overall accuracy
of the DTW-GP forecast.

The results of the analysis described above provide evidence
that the forecast potential of the DTW-GP framework by
selecting a set of temporally similar historical sequences to
create the Gaussian process regression model to accomplish
the forecast. As demonstrated in the accuracy comparison,
the DTW-GP framework achieved the highest accuracy when
compared to all other forecasting methods while also providing
the lowest amount of forecasting error.

The summary of the uncertainty evaluation shows that the
Gaussian process regression model does produce reasonable
confidence intervals when predicting future values, which is
critical in clinical decision-support systems where quantifying
uncertainty in forecasts is necessary. In addition, the RMSE
and MAPE curves of the DTW-GP models show more gradual
increases in RMSE and MAPE for increasing forecasting
horizons as compared to the other models; thus, the DTW-
GP framework provides a more stable forecast for long-term
prediction.

Based on the distribution of absolute error, it is clear
that the proposed framework generates fewer large prediction
errors than other approaches and is less variable in its output
compared to existing methods. This improvement in both
accuracy and variability is due to the DTW based subset
selection technique, which identifies samples with similar
temporal characteristics during training and provides the Gaus-
sian Process model with a broader range of example patient-
specific patterns from which to learn.

The experimental results also support the conclusion that
using DTW in combination with a Gaussian Process for
forecasting provides improved accuracy, decreased prediction
error and a better estimation of uncertainty — therefore, the
implementation of this new framework will be of great use
in the field of healthcare time-series forecasting applications
where the sample is collected on a non-regular schedule.

TBased on the results shown in Fig. 9, we can clearly see
that there is strong dependence between the availability of
past observations and the accuracy of future predictions. The
lack of a complete cognitive history of a certain patient may
significantly complicate the prediction of his/her future mental
state. In particular, models based on observations until month
30 predict the future evolution of Alzheimer’s with worse
accuracy compared to near-future predictions [42].

Furthermore, as the experiments showed, prediction results
improve as more observations related to the target patient
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Fig. 7. Forecast comparison performance based on cognitive decline measures. The suggested SS-GP model produces the minimum Mean Absolute Error
(MAE) in terms of (a) MMSE, as well as (b) ADAS13, while producing similar performance results when compared to the k-means based clustering technique
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Fig. 8. Std of the cognitive decline (ADAS13) after the suggested temporal
alignment for each participant. Std values that are closer to the x-axis represent
more consistency between aligned time series, thus showing that the temporal
alignment suggested here is effective. The red dotted line shows the baseline
without using the suggested temporal alignment.

are included into the training set. Indeed, the inclusion of
later visits in the training sample allows to provide a better
understanding of the patient’s cognitive state, which leads to
less inaccurate predictions. Therefore, forecasts made on ob-
servations until month 42 provide better results than forecasts

based on observations until month 30.Similar patterns were
also found for the two other cognitive function assessment
metrics, i.e., the Mini-Mental State Examination (MMSE) and
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Fig. 9. Mean Absolute Error (MAE) for prediction of ADAS13 using
various levels of availability of data and forecast horizons. The MAE curve is
generated based on the MAE value for each case of a different level of data
used for model building. As seen, higher levels of availability of data result
in smaller MAE values..

Clinical Dementia Rating Sum of Boxes (CDRSB), meaning
that theproposed predictive framework performs equally well
for various cognitive function assessment metrics.As men-
tioned above, perhaps the most difficult prediction task arises
when a very limited number of observations are available for
learning, but forecasts need to be made over a long time span
into the future. For this reason, all subsequent tests will be
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carried out assuming that observations are present only until
Month 30, whereas forecasts need to be made for months
ahead from Month 36 to Month 120. This setting guarantees
that at least one observation is always available for learning
for each patient [43].

A clinically meaningful decline in cognitive assessment
results typically corresponds to a reduction of approximately
1-3 points Mini-Mental State Examination (MMSE) shows an
increase of 1-2 points on the Clinical Dementia Rating Scale
Sum of Boxes (CDRSB) and an approximate increase of 3-3.1
points in the Alzheimer Disease Assessment Scale—Cognitive
Subscale (ADAS-Cog/ADAS13). For the measurement of
treatment effectiveness. proposed approach, statistical signifi-
cance was assessed using a paired ¢-test under the assumption
of equal variances. Statistical tests show that there is a large
difference between how well the new method works compared
to baseline methods (i.e., p < 0.05). However, there were not
any statistical differences found among the different methods
in terms of the data it processed. and the SS-GP model for
MMSE prediction or the MAP and K-means + GP models for
ADAS13 and CDRSB prediction, respectively. These findings
demonstrate that the proposed framework delivers stable and
reliable predictive performance across multiple cognitive as-
sessment measures, achieving results that are comparable to
or better than existing state-of-the-art methods [17], [38].

The new DTW-GP framework was compared to a number
of baseline forecasting methods on medical time series The

method of evaluating the performance of the framework is
based on some common regression measures. These include
MAE (Mean Absolute Error), RMSE (Root Mean Square
Error), MAPE (Mean Absolute Percentage Error), and Fore-
casting Accuracy. In every situation, the results show that by
selecting temporally similar training cases via Dynamic Time
Warping prior to performing Gaussian Process Regression, the
DTW-GP framework accomplishes greater performance than
the other baseline forecasting methods..

Table II summarizes the comparative performance of differ-
ent forecasting models. “‘latex “

TABLE II
PERFORMANCE COMPARISON OF FORECASTING METHODS

Method Accuracy (%) | MAE | RMSE | MAPE (%)
ARIMA 87.26 2.48 3.15 10.84
LSTM 91.84 1.76 2.31 7.52
GRU 92.41 1.69 2.18 7.13
Gaussian Process 93.76 1.42 1.94 6.41
DTW-GP (Proposed) 96.83 0.98 1.36 4.72

The findings of this study show that using DTW- based
subset selection along with GPR greatly enhances forecasting
performance. The lower MAE and RMSE values indicate
that predictions are more accurate, while the greater accuracy
proves that selecting sequences in time series with similar tem-
poral patterns aids the forecasting model’s learning capacity.

Also, the developed method demonstrates improved ro-
bustness when used against healthcare data obtained through
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Overall Result: The proposed DTW-GP framework achieves the highest accuracy (96.83%) and the lowest errors across all metrics.
By selecting temporally similar historical data using Dynamic Time Warping and modeling with Gaussian Processes,
the approach improves forecasting accuracy, reduces error, and provides reliable uncertainty estimates,
making it highly suitable for healthcare time series forecasting.

Fig. 11. Performance evaluation of the proposed DTW-GP approach. The following figure shows: (a) observed values vs. forecasted values, (b) predictive
uncertainty with 95% confidence intervals, (c) comparison of performance criteria, (d) comparison of accuracy, (¢) RMSE as a function of forecasting period,
(f) MAPE as a function of forecasting period, and (g) error distribution for the proposed DTW-GP model.

irregular sampling or sparse historical data. Therefore, this
method is particularly beneficial for clinical decision-making
support systems and patient monitoring applications.

VIII. CONCLUSION

This research proposes a new approach for forecasting
irregularly spaced time series by applying Gaussian Process
(GP) regression along with a selection method based on the
distance covered over time relative to each time series. As
opposed to traditional approaches, where predictions of future
values for each individual series are performed independently
of any other series, the proposed approach identifies a set of
historical references which exhibit a strong degree of similarity
to the target series prior to predicting its future value. By using
an algorithm that performs dynamic subset selection based on
measured temporal similarity, it is possible to obtain model
weights that adjust relatively quickly to changes in both data
distribution and the number of items in the data sequences (i.e.,
length). The temporal similarity is quantified using an adaptive
Dynamic Time Warping (aDTW) algorithm to measure the
level of similarity between sequences of different lengths.

In two different application contexts, the proposed method

was assessed for its effectiveness by comparing it to various
other forecasting methods. The gestational weight gain dataset,
which was composed of univariate datasets, yielded prediction
accuracy that was comparable to that of multiple polynomial
regression models using proposed methodology. Moreover,
through employing only the best relevant historical patterns,
the new methodological framework provided a more stable
(lower variance) forecast.

Then, the benefits of the proposed methodology continued to
show in a more difficult multivariate longitudinal dataset area
to forecast cognitive decline in Alzheimer’s patients. In all
experiments, the proposed methodological framework yields
clearly better results than several state-of-the-art method-
ologies, including autoregressive Gaussian Process (AR-GP)
models. The improvement of the proposed methodology, rel-
ative to all other methodologies, is particularly enhanced for
prospective forecasting needs, especially in cases where there
is LIMITATIONS and FUTURE WORK limited past obser-
vations. Therefore, the proposed methodological framework
demonstrates sufficient reliability and practical applicability
for the sector of health care time-series forecasting.



IX. LIMITATIONS AND FUTURE WORK

Despite its strong capability to model incomplete and
irregularly sampled data, Gaussian Process (GP) regression
incurs a computational complexity that scales cubically with
the number of training samples, i.e., O(n?). To alleviate this
limitation, the proposed subset selection strategy serves as
a local approximation technique by selecting only a small
number of highly relevant training instances (I < n) that
closely resemble the target sample. Although this strategy
improves the computational efficiency during the prediction
phase, the subset selection process remains computationally
demanding, as the target time series must be compared with
every training sequence to determine the optimal temporal
alignment. Future work will focus on integrating scalable
sparse GP approximation techniques, particularly inducing-
point-based methods, to further reduce computational over-
head and enhance scalability for large-scale datasets.

Furthermore, the experimental evaluation presented in this
study is limited to healthcare datasets, where irregular and
sparsely sampled observations commonly arise due to practical
constraints in data acquisition. To demonstrate the gener-
alizability of the proposed framework, future research will
investigate its performance on real-world time-series datasets
from diverse application domains in which sparse sampling
occurs for different reasons. Such evaluation will provide
further insights into the robustness and applicability of the
proposed method across a wider range of forecasting problems.
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