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ABSTRACT Healthcare-associated infections are a significant public health concern. This study presents
the Spatiotemporal Epidemiological Similarity based on Patient Trajectories (StESPT) method to provide
clinicians with support in investigating the epidemiological relationships between infected patients, making
detecting outbreaks and identifying possible transmission routes. To this end, the StESPT retrieves the
movements of infected patients through the hospital and transforms them into trajectories. Then, a Trajectory
Distance Measure Algorithm (TDMA) was used to quantify the spatiotemporal similarity between the
trajectories of each pair of patients. Finally, based on the results of each TDMA, the k-means clustering
algorithm was used to group patients, which can help understand the spread of the infection. We compared
the suitability of three commonly used TDMAs (Dynamic Time Warping (DTW), Spatiotemporal Linear
Combine similarity (STLC), and Spatiotemporal Longest Common Subsequence (ST-LCSS)) that were
modified to measure similarity instance of distance. For each TDMA, we also proposed a version that
adapts better to the semantics of our problem. The StESPT method was tested with a synthetic simulation of
Clostridium difficile infection in a hospital. The results of the modified version of the ST-LCSS-WTW best
reflected the spatiotemporal relationships between patients and led to the k-means clustering revealing two
potential outbreaks.

INDEX TERMS Spatiotemporal analysis, healthcare-associated infections, outbreak detection, trajectory
similarity.

I. INTRODUCTION
In recent years, healthcare-associated infections (HAI), also
known as nosocomial infections, have become a major public
health concern. It is associated with the global emergence
of multidrug-resistant (MDR) bacteria and other pathogens.
The difficulty in treating MDR infections leads to an increase
in their severity and spread. As a result, HAIs are a major
cause of death and increased morbidity among hospitalized
patients. Among healthcare facilities, hospitals are the most
affected by HAIs [1], [2], [3], [4].

Inside a hospital, infections can be transmitted through
both direct and indirect contact. Direct contact is defined
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as physical contact or contact within the threshold distance
for transmission by droplets or fomites, for example, through
respiratory activity. Indirect contact can occur through a
chain of people (e.g., healthcare workers (HCW)) or a con-
taminated environment (droplets and fomites can remain
suspended or on surfaces such as clothing, furniture, or med-
ical instruments) [5]. Contact tracing plays a significant role
in controlling infections. However, even in hospitals, it is
conducted manually, which may delay the time required for
halting transmission [6]. In addition, contact tracing estab-
lishes transmission routes based on direct contact, so that
indirect contact may be missed.

In general, population density and mobility patterns have
a major influence on the spread of an outbreak [7]. In the
case of hospital environments, the spatial structure of the
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hospital, physical distributions of patients, and their trajec-
tories (sequence of movements within the hospital) over time
are determining factors in the transmission of HAI.

Hospital epidemiologists must study whether the current
situation can be characterized as an outbreak when there are
a high number of infections in a hospital during a period.
First, they must investigate the epidemiological relation-
ships between infected patients. Generally, an alert for
possible outbreaks is issued when the cumulative number of
cases of a bacterium (or other pathogen) reaches a threshold
in a spatial location (service, hospitalization unit, or floor)
during a period (usually one week) [8], [9]. The outbreak is
confirmed when it is proven that there is some epidemiologi-
cal spatiotemporal relationship between the infected patients.
Second, they detect possible transmission routes by identi-
fying groups of patients with similar trajectories to control
the infection.

Regarding the representation of spatiotemporal informa-
tion, in [10], we presented a model defined as a knowledge
graph (KG) that links the temporal dimension that describes
everything that happens to each patient in the form of events
(e.g., movements or positive microbiological tests) with the
spatial dimension. This last dimension describes the hospital
layout with several levels of detail in the form of a hierarchy
ranging from bed to building (physical part), and a simple rep-
resentation of the healthcare workers’ organization (logical
part). This model allowed us to trace all patient movements
during hospitalization. Its data come from the Hospital Infor-
mation System (HIS), which usually records patients’ beds
(or rooms) and medical units over time.

In this work, we present the Spatiotemporal Epidemio-
logical Similarity based on Patient Trajectories (StESPT)
method, which provides clinicians with support in these
two tasks. For the first task, we proposed quantifying how
spatiotemporally connected infected patients have been
based on their trajectories. The base assumption of the
StESPT is that patients with closer or more prolonged contact
(direct or indirect) with an infected patient should, in theory,
be at a higher risk of infection [7]. The closeness between the
two patients can be interpreted as having a similar trajectory,
which can be computed using a Trajectory Distance Measure
Algorithm (TDMA). Based on the model defined in [10],
we transformed the events registered on the HIS of the stays
of the infected patients into trajectories. For the second task,
the similarity between the trajectories of each pair of patients
can be graphicly represented and used as input for a cluster-
ing algorithm to identify the closest patients and, therefore,
plausible transmission routes.

Within StESPT, we evaluated three state-of-the-art
TDMAs and proposed three extensions based on the formers
to determinewhich best reflects patients’ spatial and temporal
relationships.

The proposed method is demonstrated by a simulation
study in which we use its steps to analyze the spatiotemporal
connections between patients infected with Clostridium diffi-
cile(CD) in a hospital over a short period of time. We proved

the existence of the outbreak and identified the groups of
patients among whom transmission was most likely.

The remainder of this paper is organized as follows:
Section II provides background information related to the
state-of-the-art (Section II-A), the desirable characteristics
for TDMAs to use (Section II-B), and some definitions of
preliminary concepts about trajectories (Section II-C). The
steps of the StESPT are described in detail in Section III.
Sections III-C and III-D are of special interest because
they define an equation to evaluate the spatiotemporal
epidemiological similarity between points and trajectories,
respectively. Section IV presents an experimental evaluation
of the StESPT, the results of which are discussed in SectionV.
Conclusions are summarized in Section VI.

II. BACKGROUND
A. LITERATURE REVIEW
Major advances in sensor technology and devices with GPS
or other technologies to track their position have led to large
amounts of spatiotemporal data describing the movement
of objects and people, known as trajectories. Consequently,
interest in the analysis of trajectory data has increased in the
last few years in several domains that include transportation,
behavioral studies, traffic prediction, animal migration, and
finding points of interest [11]. Trajectory analysis covers
several tasks such as indexing, classification, clustering, data
querying, and mining. However, for all of them, computa-
tion of the distance or similarity between trajectories is a
fundamental component. Thus, it must be carefully defined
to adequately capture the data semantics and underlying
relations [12]. For this purpose, TDMAs have been widely
studied for decades.

In the last few years, with the emergence of coronavirus
disease 2019, interest in trajectory analysis focused on epi-
demiology has increased. Positional data from GPS [7], [13],
mobile phone operators [14], and Bluetooth have been used
for several tasks, such as contact tracing and the detec-
tion of mobility patterns of people in cities or regions. For
indoor cases, specifically for hospital environments, patients’
movements are also gathered from Electronic Health Records
(EHR) and HIS [15], [16], [17], [18], [19] or generated with
simulation models [20]. Some of these studies are character-
ized by creating contact networks between patients, where
contact occurs when two patients have been in the same ward
(understood as hospital pavilions or a set of rooms from the
samemedical service) [16], [18], [19], [21] or room [20], [22]
at some point during the day. Network and statistical analyses
were performed on these networks to detect patient clusters.
A 24-hour period may be too long for a detailed analysis of
a patient’s movements because they may be in several rooms
throughout the day. In addition, for fine-grained analysis, the
ward concept may cover a large and highly compartmental-
ized area, considering that all patients in it are equally close.
When the spatial unit is a room, including information about
the hospital layout or the physical distance between rooms
might be helpful in performing a more complete analysis.
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Some studies in which patient trajectories were analyzed
at a finer grain have been conducted [17], [23]. In [17],
a spatiotemporal proximity equation was used to quan-
tify the likelihood of disease transmission between infected
inpatients. The proximity is expressed as the inverse of
the distance. A trajectory was created for each patient to
record the ward in which they had been each day. However,
no TDMA is used to guide the computation of the total
proximity between two trajectories: they add the proximity
from each point on one trajectory to each point on the other
trajectory. The spatial distance between wards was based
on the proportion of patients who moved from one ward to
another over a year [24]. Finally, they used continuous K-
nearest neighbors to filter the closest patients. In [23], the
hourly positions of some patients were tracked using smart-
phone GPS sensors to create their trajectories. Subsequently,
two TDMAs (Dynamic Time Warping and Longest Common
Subsequence) are used to obtain a similarity matrix between
the patients, which was used as the input of a hierarchical
clustering method to detect routine patterns.

B. CRITERIA FOR TDMAS
We propose a detailed analysis based on the similarity
between patient trajectories, computed using a TDMA. The
studies [11], [12], [25] are three surveys in which some
of the most used TDMA are characterized, classified, and
compared. We selected the algorithms that met the following
criteria:

• The distance measure considers (or can do) spatial and
temporal information because both dimensions influ-
ence transmission by air and contaminated surfaces.

• They are defined discretely. They only consider the sam-
pling points that define the trajectory, not the movement
in between, because patients are not in constant motion.

• They are elastic measures. They allow the comparison
of one-to-many/none points, and not only the i-th point
of one trajectory to the i-th point of another (lock-step
measures). We aim to determine which patients are more
likely to transmit the infection, so a restrictive algorithm
would not count situations such as indirect contact or
when two patients have been close but not at the same
time. In addition, the patients may not have shared loca-
tions with the rest of them.

• They are heuristic-based measures, also called non-
learning. Their strategy is to identify optimal point
matches by comparing pairs of points from two trajec-
tories and computing the total distance by aggregating
the average values between all these points [26]. They
can easily be adapted to different domains. In con-
trast, learning measures rely on machine-learning tech-
niques to reconstruct high-dimensional input data into a
new low-dimensional representation. They are typically
developed for a specific domain, the most common of
which is the road network.

From the TDMAs that met these features, we chose
the following three for comparison: Dynamic Time Warp-
ing (DTW), Spatiotemporal Longest Common Subse-
quence (ST-LCSS), and Spatiotemporal Linear Com-
bine(STLC). Some other commonly used TDMA, such
as Edit Distance on Real Sequence, Hausdorf Distance
or Frechet Distance, do not meet all these requirements,
so they were not selected for this work.

C. PRELIMINARY CONCEPTS
This section introduces the preliminary concepts about tra-
jectories.
Definition 1 (Trajectory): Trajectory T is an ordered

sequence of sampling points that represents the path followed
by a moving object. In this study, the trajectory Tn describes
the movements of patient n through the hospital.

Tn = {p1, p2, . . . , pm} ,where pi (1 ≤ i ≤ m) (1)

m = |Tn| denotes the length of the trajectory, that is, the
number of points. We use T in to denote the i-th point in Tn.
Definition 2 (Sampling point): The sampling point pi (for

simplicity, point) represents a patient’s spatial location at
a specific timestamp. In this work, we take as a basis the
spatiotemporal model presented in [10] (see Fig. 1). The
spatial location is described as a pair with the IDs of two
of its concepts: the Seat where patients were located and the
HospitalizationUnit (HU) that cared for them.

pi =
((
Bed ID,HospitalizationUnit ID

)
, timestamp

)
(2)

Definition 3 (Head(T)): It is a function that returns the
first sampling point of the trajectory T .

Head (T ) = p1 (3)

Definition 4 (Rest(T)): It is a function that returns the tail
sampling points of trajectory T except for the first one.

Rest (T ) = [p2, p3, . . . , pm] (4)

Definition 5 (Trajectory distance measure algorithm
(TDMA):) A TDMA is a function d (T1,T2) ∈ R+

0 that
evaluates the distance between two trajectories T1 and T2
based on the distance between their sampling points [11].

III. THE STESPT METHOD
This section presents the steps that form the StESPT method
for epidemiological research. First, we examine patients
infected with a specific bacterial species at a particular
time. Then, their stays in the hospital are transformed into
trajectories. The following steps consist of defining the
spatiotemporal epidemiological similarity between two sam-
pling points and using a TDMA to calculate the similarity
between the trajectories of each pair of patients. Using this
result, we create a similarity matrix that is represented as a
heatmap. Finally, we apply k-means clustering to the simi-
larities between patients to detect groups of spatiotemporally
close patients.
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FIGURE 1. UML Class diagram of the spatiotemporal epidemiological model. In blue, the values for the property cost of each edge that we used
in the experiment to calculate the spatial distance and similarity between two beds. These values have been calculated based on the dimensions
of a hospital bed and a generic room with two beds.

FIGURE 2. Temporal representation of the intersection trajectories
between two trajectories.

A. STEP 1: GET INFECTED PATIENTS
The first step of StESPT is to retrieve patients who can be
part of a possible outbreak. For this task, we used one of
the epidemiological queries defined in [10], specificallyQ2—
Detection of an outbreak in a Location. This query retrieved
those patients who were on a determined floor and had a pos-
itive microbiological test of a specific bacterium for a certain
period, regardless of whether this positive test occurred while
the patient was on the floor. Note that a positive test indicates
that we know that the patient is infected from the moment we
obtain the result; however, this time does not have to coincide
with when they become infected. There are infections with
an incubation time of several days, leading to patients being

infected in one location of the hospital and having a positive
result in another.

B. STEP 2: TURN PATIENTS’ STAYS INTO TRAJECTORIES
The second step was to retrieve the trajectories of patients
from the first step. We propose defining a Search Time for the
Patients’ Trajectories (STPT), which should not be the same
as the search time for infected patients. The end time should
be the date of the last positive test because, after this, all
patients are already infected, so contact between themwill not
affect the infection. The start time of STPT should be before
the start time to search for infected patients. Considering
that a positive test does not represent the exact time of the
infection, for the start time, we added amargin of several days
back to the date of the first positive test. For example, we can
add the median incubation time of the bacterium according to
scientific literature.

We look for allEventswith a connected Location that occur
during the STPT. These events are converted into a trajectory
of sample points using a sampling rate (SR) such that the
points on all trajectories are time-aligned (the first and last
points on each trajectory may not coincide). Each point is
defined as in Definition 2.

VOLUME 13, 2025 69763



L. Pujante-Otalora et al.: Spatiotemporal Epidemiological Similarity Based on Patient Trajectories

When comparing pairwise trajectories to calculate their
similarity, we select the intersection points between the two
trajectories. That is, only the time that both patients have
been in the hospital will be evaluated, not the time that only
one patient has been hospitalized. To simplify, we refer to
these temporarily intersecting paths as intersection paths (IT).
Fig. 2 shows two trajectories (ignoring spatial information)
that temporally coincide from points 3 to 7. When calculating
the similarity between the patients, only the sub-trajectories
between these points (marked in red) are compared.

C. STEP 3: SPATIOTEMPORAL EPIDEMIOLOGICAL
SIMILARITY BETWEEN POINTS
We define the spatiotemporal distance between two sampling
points as a weighted and linear combination of the spatial
distance, dsp, and the temporal distance, dtemp [17], [26], [27].

dST (p1, p2) = α · dsp (p1, p2) + (1 − α) · dtemp (p1, p2)

(5)

α ∈ [0,1] can be modified depending on the disease and the
spatial and temporal characteristics of the outbreak; therefore,
we can adjust the relative importance of space and time in the
spatiotemporal distance.

However, we aim to measure how close the trajectories are,
not their distance: the shorter the distance between them, the
more similar they are. Therefore, similarity can be interpreted
as the opposite of distance. Thus, we needed to define the
spatiotemporal similarity between sampling points.

1) SPATIAL DISTANCE
The spatial dimension of the sampling points is generally
defined using two-dimensional or three-dimensional coordi-
nates. Their distance is usually measured using the Euclidean
distance. We use a ‘‘qualitative distance’’ based on the spatial
hierarchy of Locations from the KG in [10]. Given two Seats,
their spatial distance is defined as the sum of the ‘‘cost’’
property of the edges of the physical spatial dimension that
form the shortest path between them (see Fig. 1).

A matrix stores the distance between each pair of hospital
Beds. The matrix values will be normalized to the interval
[0,1] to make the spatial and temporal distances comparable.

HCW may also represent a means of transmitting the
infection: patients cared for by the same HCW are more
likely to be infected when there is an infection in the HU
or Service. To represent this situation, the spatial distance
between two sampling points is reduced by multiplying it by
a value between (0,1). In our experiments, this value will be
0.,5 when patients are cared for by the same HU, and 0.7,
when by the same Service.

2) TEMPORAL DISTANCE
The temporal distance between two sampling points was
defined based on two aspects. The first component is the
absolute value of the difference between the timestamps
(difftmp). Similar to the spatial distance, the difference is

normalized to [0,1]. The maximum value is the difference
between the timestamps that define STPT.

The second component is the transmissibility (or trans-
mission speed) of the infectious disease. Direct and indirect
contact is more likely to result in a new infected patient when
the disease transmissibility is higher. Hence, it can be used to
determine whether two points are temporally close. To rep-
resent this relationship between the temporal difference and
transmissibility, we multiplied the temporal difference by the
transmission rate (β) [28] as the transmissibility parameter.

diff tmp (p1, p2) =
∣∣p1time − p2time

∣∣ (6)

dtmp (p1, p2) = β × diff tmp (p1, p2) (7)

3) SPATIOTEMPORAL EPIDEMIOLOGICAL SIMILARITY
Up to this point, we have defined the spatial and temporal
distances separately; therefore, it is possible to calculate the
spatiotemporal distance between two points using (5). Sim-
ilarity can be interpreted as the inverse of distance, so we
inverted the equations to calculate the spatial and temporal
distances as linearly as possible. When the points have the
same Location, the spatial similarity must be zero; and when
they have the same timestamp, the temporal similarity must
be zero.

In the case of temporal distance, β must also be inverted:
high values of β would return a larger temporal distance and,
thus, a lower probability of infection.

The definitions of spatial and temporal similarities
between sampling points are the following:

simsp (p1, p2) = 1 − dsp (p1, p2) (8)

simtmp (p1, p2) = eln(β)×
∣∣p1time−p2time ∣∣ (9)

Based on (5), spatiotemporal epidemiological similarity is
defined as a weighted and linear combination of (8) and (9)
with α ∈ [0,1].

simST (p1, p2) = α · simsp (p1, p2)

+ (1 − α) · simtmp (p1, p2) (10)

D. STEP 4: TDMA
To evaluate the closeness between two patients, we studied
three TDMAs. We modified them slightly so that they calcu-
late similarity instance of distance. In addition, we designed
an extension of each algorithm to adapt better to the semantic
requirements of our problem. In total, six TDMA were com-
pared.

1) DTW
Dynamic Time Warping(DTW) [29] is an algorithm designed
for time series that can also be applied to trajectories. DTW
is defined recursively to search through all possible point
alignments between two trajectories, T1 and T2, where the
sum of the spatial distances between points is minimal and
meets the following requirements:

• T 1
1 at least matches T 1

2 .
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FIGURE 3. Definition of ST-DTW. It returns a couple, where the first
element is the spatiotemporal similarity between T1 and T2, and the
second is the distance. Superscripts represent the position of an element
within a tuple. In red, the functions to calculate the spatiotemporal
similarity and distance between two points. In DTW, they are changed for
simsp and dsp.

• Tm1 at least matches Tm2 .
• Each intermediate point of each trajectory matches one
or more points of the other, without returning.

Thus, DTW returns the minimum difference between the
two trajectories. Our version of DTW calculates both the
distance and the similarity between points, where distance is
used, as in its original definition, to determine the optimal
path. Another change is that the similarity will be zero when
the length of one or both trajectories is zero: if any alignment
can be made, no similarity should be added to the total.

It is noteworthy that DTWonly evaluates the spatial dimen-
sion; therefore, it uses the dsp and simsp.

2) ST-DTW
We propose a new Spatiotemporal DTW (ST-DTW) that
extends DTW to evaluate the time and infection transmissi-
bility. The change in ST-DTW is that it uses the definitions of
spatiotemporal distance and similarity defined in (5) and (10),
respectively. Fig. 3 shows the definition of the ST-DTW.

3) STLC
Spatiotemporal Linear Combine similarity(STLC) [11], [30]
proposes a linear combination of spatial and temporal similar-
ities between two trajectories to obtain their spatiotemporal
similarity. Spatial and temporal similarities are computed
separately. To explain STLC, we focus on the spatial dimen-
sion. It calculates the point-to-trajectory spatial distance for
each point of each trajectory, that is, the minimum spatial or
temporal distance between that point and a point of the other
trajectory. These distances are transformed into similarities
and the average similarity is calculated for each trajectory.
Then, they are added. Temporal similarity is calculated using
the same process. Finally, the spatial and temporal similarities
are combined linearly using the parameter α ∈ [0,1]. Fig. 4(a)
shows the original definition of the STLC.

We adapted STLC to use the spatial and temporal similarity
definitions (8) and (9). Fig. 4(b) shows our adaptation of
the STLC. Note that selecting the point with the minimum
distance and transforming it into similarity is equivalent to
choosing the point with the maximal similarity.

FIGURE 4. Definition of STLC. (a) Original STLC. The equations to
transform distances into similarities are marked in green (spatial) and
blue (temporal). (b) Our adaptation of STLC. Changes are in orange and
purple.

FIGURE 5. Definition of JSTLC.

The original STLC algorithm calculates the average point-
to-trajectory similarity for each trajectory and dimension.
Thus, it does not consider the proportion of time that patients
have been in the hospital compared with the entire STPT.
In the most extreme case, if two patients have been in the
closest possible Bed for their entire intersection trajectories,
their similarity will be the maximum regardless of the length
of the ITs. We changed the denominator to obtain the average
similarities for parameter λ, which is the difference between
the points defining STPT.

4) JSTLC
We propose an extension of STLC called Joint Spatiotempo-
ral Linear Combine similarity (JSTLC). It directly calculates
the spatiotemporal point-to-trajectory similarity instead of
separately calculating the spatial and temporal similarities.
With this modification, we want to overcome the fact that the
spatially closest pointmay not be the temporally closest point.
Fig. 5 shows the definition of the JSTLC.
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5) ST-LCSS
The Spatio-Temporal Longest Common Subsequence(ST-
LCSS) [11] returns the size of the longest common subse-
quence between two trajectories, T1 and T2. This subsequence
includes all matches between two points of each trajectory,
but with some conditions: a sampling point cannot match
with more than one point, the pairs of matched points do not
have to be consecutives, but they must follow the order of
the trajectories (if T i1 and T

j
2 match, T i+k1 cannot match with

T j−l2 ), and there can be points without a match.
A strict definition of a match is that two sampling points

share the same values for spatial and temporal dimensions.
However, it can be difficult to find any two points with
the exact time and location. Thus, the ST-LCSS adds two
parameters, ε and δ, to define the maximum distance in space
and time to limit the search for matching two points.

The original ST-LCSS already measures the similarity
between trajectories (the size of the LCSS), so it has barely
been modified. In our version of the algorithm, ε and δ repre-
sent the minimum spatial and temporal similarities between
two sampling points to match, and not themaximum distance.

The most significant change is that the result of our
ST-LCSS is both the length of the LCSS and the sum of
the spatiotemporal similarities between each pair of matching
points. The solution of the ST-LCSS will be the combination
with the highest number of matches, and, in the case of a tie,
the solution with the highest spatiotemporal similarity will be
selected. Fig. 7 shows the definition of ST-LCSS.

6) ST-LCSS-WTW
We designed a variation of ST-LCSS, called ST-LCSS With
Time Window(ST-LCSS-WTW), to improve its performance
in the measurement of similarities between the trajectories of
infected patients. The ST-LCSS follows a greedy scheme and
does not explore the entire space of solutions: when it finds
a match, it does not reconsider its choices in future steps.
Thus, an optimal solution may not be found. For example,
two points that do not have the highest similarity may match
leading to a result with a lower number of matches or sim-
ilarity. In addition, the similarity between T i1 and T j+1

2 may
be higher than that of the chosen match with T j2. We aim to
identify as many connections as possible between each pair of
patients that could have contributed to the transmission of the
infection. We propose the addition of a time window ω and
explore several possible solutions for any given step. Given
two sampling points T i1 and T j2, we evaluate the matches
between each point and any other point in the other trajectory
within the interval [T j−ω

2 ,T j+ω

2 ] or [T i−ω
1 ,T i+ω

1 ], respec-
tively. For each match, ST-LCSS-WTW is called recursively.
From all the available solutions, the algorithm returns the one
with the largest number of matches.

ω is defined in terms of the sampling points. We propose
that the time it represents be smaller than the value of diff temp
used to calculate δ. Otherwise, there would always be points

FIGURE 6. Example of executing ST-LCSS and ST-LCSS-WTW over a same
pair of trajectories.

to evaluate, whose temporal similarity would never be within
the defined range.

Fig. 8 shows the definition of the ST-LCSS-WTW. A rep-
resentative example of the difference between the ST-LCSS
and ST-LCSS-WTW is shown in Fig. 6, where T1 and T2
are represented as strings. A match occurs when two points
have the same letter, and there is a maximum difference in
one position between the two points. In the ST-LCSS-WTW,
ω is 1. T1 and T2 represent two strings with the same letters
in different orders. When executing the ST-LCSS, it returns
two matches: when it matches As (or Bs), the first B(or A)
can no longer be matched, and thus the only possible match
is between Cs. However, in ST-LCSS-WTW, both pairs of As
and Bs can match such that the result is three matches.

7) RESULTS OF THE TDMA AS A SIMILARITY MATRIX
As a result of the execution of each TDMA for each pair of
patients, we obtained a squared matrix Mp×p called similar-
ity matrix(SM), where p is the number of infected patients
and Mi,j represents the similarity between the intersection
trajectories of patients i and j. Thus, it summarizes the spa-
tiotemporal similarity among patient trajectories, and each
row (or column) is a similarity vector(SV) of size p with
the similarities between a patient and the others (including
themselves).

Results from DTW, ST-DTW, ST-LCSS and ST-LCSS-
WTW range [0, |STPT| × ϒ], where |STPT| is the number
of points of STPT when sampled and ϒ is the maximum
possible similarity between two sampling points (two neigh-
boring beds at the same timestamp, or the same bed at two
consecutive timestamps). However, results from the STLC
and JSTLC range [0,2] when spatial and temporal distances
are in the range of [0,1], as in this work. To compare the
SMs from the six TDMA, we normalized the results to [0,1].
These normalized values can be represented as a heatmap,
supporting the visual detection of clusters. For example, a row
(or column) with several warm cells represents a highly inter-
connected patient, and several warm cells that share the same
set of patients can represent a cluster of close patients. Note
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FIGURE 7. Definition of our adaption ST-LCSS. It returns a couple, where the first element is the spatiotemporal similarity between T1 and T2, and
the second is the length of the LCSS. Superscripts represent the position of an element within a tuple.

FIGURE 8. Definition of ST-LCSS-WTW. It returns a couple, where the first element is the spatiotemporal similarity between T1 and T2, and the
second is the length of the LCSS. Superscripts represent the position of an element within a tuple. ω is the time window expressed as sampling
points, i and j are the indices to traverse T1 and T2, and U is the set of sampling points that already have a match. For a better reading, some parts
have been marked.

that the similarity between two patients is not considered
a transmission probability. It is a numerical representation
of the proximity in space and time of two patients when
compared to others.

E. STEP 5: CLUSTERING METHOD
We used a clustering algorithm to group the patients based
on their similarity to each other, so that close patients were
in the same cluster. These clusters could represent differ-
ent outbreaks or patients whose shared Locations or HU
must be investigated as transmission foci. We clustered the
results for each TDMA. For this task, we used the k-means
algorithm, whose input was the similarity vectors (SV) for
each patient. K-means clustering is a widely used partitional
clustering algorithm. Using an iterative process, a dataset
is decomposed into K disjoint partitions (clusters), repre-
sented by a centroid(the mean vector of all points assigned
to a given cluster). It aims to minimize each point’s dis-
tance (Euclidean distance) to its cluster centroid [31], [32].
As a result, SVs (and their patients) are grouped into several
clusters.

K-means requires K to be specified, so we searched for
the optimal value for each TDMA output. For this purpose,

we executed the Silhouette method: we executed k-means for
each TDMA output with different values of K ranging [2, p]
and selected the one whose silhouette coefficient(SC) was the
highest. SC is a commonly used cluster validation measure
that combines cohesion (how close the points of the same
cluster are to each other) and separation (how far apart the
points of different clusters are). In particular, the separation
is calculated based on the average distance between a cluster’s
points and that of the closest cluster. SC is defined in the inter-
val [−1,1], where positive values indicate a high separation
between clusters (points are ’well-clustered’), negative values
imply overlapping clusters and values close to 0 indicate that
data are uniformly distributed, so it is difficult to determine
to which cluster each point belongs [33], [34].

IV. EXPERIMENT
The suitability of our method was proven through an exper-
iment to analyze a Clostridium difficile (CD) outbreak in a
hospital.We compared the six proposed TDMAs to determine
which could best capture the semantics and relationships
among infected patients.

CD is currently one of the most significant HAI and the
main cause of infectious diarrhea in hospitalized patients.
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FIGURE 9. Number of infected cases of CD per day. When the number
decreases it might be because the recovery or the death of the patients.
In blue, the time for which we looked for positive cases. In purple, the
extra time we added to search for the patients’ events. STPT is in red.

In recent years, its incidence and severity have increased in
North America and Europe [35], [36]. CD is a spore-forming
bacterium that can be transmitted from person to person or
through contact with contaminated surfaces. Room decon-
tamination and hand hygiene of HCW are some of the most
followed strategies to reduce its transmission, although it has
proven to be a challenge to achieve [35]. Therefore, direct
and indirect contact between patients may play a crucial role
in the propagation of CD.

A. DATASET
We used a realistic simulation model of HAI [37] to generate
patient flow through hospital beds and services. The simula-
tion model had a discrete time with steps of 8 h, representing
three work shifts: morning (8:00-15:59), afternoon (16:00-
23:59) and night (00:00-7:59). Several patients were infected
with CD during the simulation. Our dataset was generated
using the same values as in the experiment in [37] for the
parameters that describe the epidemiological behavior of the
infection.

We generated a simulation for the first three months of the
year 2024. From February 28 toMarch 6, the evolution of CD
cases might represent an outbreak. Fig. 9 shows the number
of patients confirmed to be infected daily during this period.

We designed a hospital layout based on a large hospital
according to the Spanish standards for an influence area
of 250,000 people. Our hospital had 729 beds distributed
between four floors. Floor 0 had four Accident and Emer-
gency (A&E) rooms with five beds each, four Intensive Care
(IC) rooms with 4 four beds each, 24 radiology rooms, and
27 operating theatres. The other three floors were used for
hospitalization. Floors 1 and 2 had 13 hospitalization units
(HU) of seven services each, and Floor 3 had 14 HUs of
three services each. Each HU had seven to ten rooms, and
each room had two beds. In total, there were 17 services
for hospitalization, one for A&E, one for IC, and one for
radiology. All services except Radiology had one HU for
surgeries.

B. RESULTS
In the following sections, we present the results for each step
of the StESPT method.

1) STEP 1: GET INFECTED PATIENTS
As seen in Fig. 9, from March 2 to March 4, there was a
significant increase in up to 13 CD cases, which remained
stable for the next two days. Most of these patients were
on Floor 2 at some time during these days, so they might
be spatiotemporally related. We looked for patients who had
positive tests fromMarch 2 to March 6 and spent some time
on Floor 2, obtaining 17 patients.

2) STEP 2: GET PATIENTS’ TRAJECTORIES
The first and last positive tests of the 17 patients from step 1
were on March 2 and March 6, respectively. The CD incuba-
tion period is typically less than one week, and some studies
have determined that infection can occur within 48-72 hours
after exposure [38], [39]. We will add three days before
March 2 to obtain the events of the 17 patients. Therefore,
the STPT will be conducted from February 28 to March 6.

The simulation model has a precision of 8 h; therefore,
it was the sampling rate when transforming events into tra-
jectories. We evaluated the intersection trajectories for a
maximum of 8 days (24 sampling points). Fig. 10 shows the
trajectories of each patient, distinguishing between the beds
where they were hospitalized (Fig. 10(a)) and the HU that
cared for them (Fig. 10(b)).
We can see that patients have different start and end dates

of their trajectories, and that some patients are not in nearby
locations at close times. This scene leads to the evaluation
of common trajectories of different lengths (the shortest has
nine steps, and the longest has 24) and diverse spatiotem-
poral circumstances. However, almost all the patients had
two characteristics. First, their trajectories begin on Floor 0,
specifically in the two adjacent areas (3B and 4B) dedicated
to the A&E service. Second, they had at least one point on
Floor 2. Several patients coincided in the same or adjacent
Areas. Additionally, some Services and HUs are shared by
several patients, such as Service 7 and HU 8B.

3) STEPS 3 AND 4: SPATIOTEMPORAL SIMILARITY BETWEEN
TRAJECTORIES
In this section, the similarity matrix (SM) from executing
each TDMA is presented as grid-normalized heatmaps (see
Fig. 11), where low similarity is represented in dark blue and
higher similarities are in orange-red tones.

When comparing the results from DTW (Fig. 11(a)) and
ST-DTW (Fig. 11(b)), they initially appear to be completely
different: in the DTW heatmap, most values are below 0.25,
with some groups of patients having values around [0.45,
0.65], and in the ST-DTW heatmap, there is an overall
increase in similarity of approximately 0.15-0.3, with most
values above 0.4. However, both heatmaps exhibited similar
patterns. Patients 1632 and 1579 had medium-high values
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FIGURE 10. Representation of the trajectories of the 17 CD-infected patients. (a) shows the ID of the Bed where the patient has
been at each point. Cells of the similar colours represent Beds that are in the same Room, Corridor, Area or Floor. For example,
Beds 71 and 72 are in the Area 3B from Corridor C0 in Area 3B from Floor 0. (b) shows the name of HU that cared for the
patient. Cells of similar colours represent HU from the same Service.

(greater than 0.45), with more than half of the patients in both
heatmaps, adding patients 1222, 1626, and 1631 to this list
of highly interconnected patients in the heatmap of ST-DTW.
These patients presented some of the highest similarity values
in the heatmap.

For the ST-LCSS and ST-LCSS-WTW, we evaluated both
algorithms using several input parameters values. Specif-
ically, we tested that the maximum temporal difference
between two points was 2, 5, and 8 points (they were in the
same 24, 48, and 72 h, respectively), and that the maximum
spatial distance was between beds in the same Area or Floor.
For the ST-LCSS-WTW, we considered time windows of 2,
5, and 8 points. The results of all the tested combinations
were very similar. The most significant changes (on the

order of hundredths) occurred when allowing matches on
the sameFloorwithin 48 h and, for ST-LCSS-WTW, a time
window of 5 points. This section presents the results for these
values (Figs. 11(e) and 11(f) also show the heatmaps using
these values). Using higher values requires a considerably
higher level of computation whereas providing practically
identical results.

ST-LCSS and ST-LCSS-WTW presented similar results:
most cells had values in the range [0.2, 0.4], with two
groups whose values were in the range [0.5, 0.65]. The
difference is that the highest similarities have an increase
of approximately 0.1 points in ST-LCSS-WTW. It is worth
mentioning that most of the intersection trajectories have
a length between 12 and 15 points, and that STPT has
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FIGURE 11. Heatmaps with spatiotemporal trajectory similarity between the 17 patients infected with CD. Each map
shows the results of one of the TDMAs presented in this work. Patients’ IDs are shown as the indexes of the heatmaps
and arranged alphabetically. There is an overlapped layer to show the clusters identified with the k-means algorithm,
so that the rows of the patients that belong to the same cluster are highlighted in the same color.

24 points. If we observe the heatmap by rows (or columns),
we can see that the range of values of the similarities between
each patient and the rest is narrow and constant. How-
ever, when patients show medium-high similarities, we can
identify the group of patients to whom they are close and
those to whom they are not. It is different in DTW and
ST-DTW heatmaps, where each patient’s rows (or columns)

have different ranges and variances, making visual analysis
difficult.

The results from STLC and JSTLC were similar, with
slightly lower values for JSTLC than for STLC. In both
heatmaps, most values were medium-high, approximately
[0.4, 0.6], and did not present remarkable changes in either
the heatmap as a whole or in rows. However, we can see
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some patients with overall similarities that are higher (such
as patients 985, 1222, and 1632) or lower (such as patients
1621, 1624, 1629, and 1640) than the others. Some of these
patients had the longest and shortest trajectories.

Heatmaps can be helpful tools for performing a prelimi-
nary analysis of how patients are spatiotemporally related.
This visual interpretation can be affected by how the rows
and columns of the heat map are arranged, and a represen-
tation of patient trajectories, such as the timelines shown in
Fig. 10, should be used as a support. Below, we present an
overall interpretation based on the patients with the highest
similarities. All patients started their trajectories in beds from
the A&E Service on Floor 0, which could be the origin
of the infection. Subsequently, two outbreaks appeared: a
group with patients from 1222 to 1602and patient 985, and
another group with patients from 1624 to 1640. The first
group included patients who first entered the hospital, with
their trajectories largely overlappingwhen theywere onFloor
0 and some adjacent Areas on Floor 2. In the second group,
we suspect that HU 7D and Service 14 are related to the
spread of infection. These groups can be observed in the six
heatmaps in Fig. 11.

4) STEP 5: CLUSTERING METHOD
Patients were grouped by applying the k-means clustering
algorithm to the SM for each TDMA. For each SM, we tested
the values for K in the range [2, p] and ran k-means 10 times
with different initializations for each value of K . Finally, for
each TDMA,we selected the clustering result with the highest
silhouette score (SC). Table 1 shows the average SC of the
clusters of the SM for each TDMA. For each cluster, a set
of quantitative measures is also shown, such as the number of
patients, the average and standard deviation of the similarities
of the SV in the cluster, the average distance of a patient in the
cluster to any other patient in the cluster (inner distance), the
average distance of a patient in the cluster to any other patient
in the closest and farthest clusters (closest and furthest outer
distances), and the average SC. The distance was calculated
as the Euclidean distance between the SVs of two patients.
Fig. 12 shows the clustering of the patients for each TDMA.
Patients are represented by their SVs, which were reduced to
a two-dimensional space. In general, the figures represent a
cloud of points where it is difficult to distinguish any defined
group of patients. Hence, the average SC of clustering on
each TDMA (in this section, we refer to the SM returned
by each TDMA as the name of the algorithm) is not very
high, between 0.13 and 0.25. An interpretation [40] of SC
is that a value of over 0.7 is ‘‘strong,’’ over 0.5 ‘‘reasonable,’’
and over 0.25 ‘‘weak,’’ representing points that are uniformly
distributed.

Clustering on DTW divided the patients into eight groups.
These clusters were small (each cluster had one to three
patients) and had a high standard deviation (0.2, and the aver-
age similarity of their SVs was 0.3). There were clusters with
a low inner distance, such as clusters 6 and 7, and others with

a high inner distance, such as clusters 1 and 2. The average
closest outer distance of each cluster also varied, which led
to clusters with a SC ‘‘stronger’’ than others. Consequently,
the average SC of the clustering for DTW was 0.25.

Similar to DTW, in ST-DTW, there are some patients
whose SVs are similar to each other but different from
the rest. However, unlike DTW, the clustering solution for
ST-DTW with the highest SC grouped the patients into two
large clusters and one with only one patient. The diversity
among the patients in each cluster is reflected in their high
standard deviations regarding the average similarity of their
SVs (0.2 and 0.5, respectively), and that their average inner
and outer distances were similar. Consequently, the SC of
each cluster was low, with an average value of 0.116, which
was lower than that of DTW. Note that the SC of cluster 3
was zero because it only had one patient.

In contrast to DTW and ST-DTW there were no SVs
with noticeably low or high distances to the others in STLC
and JSTLC. Consequently, patients were grouped into two
clusters of different sizes that only differed in one patient: in
STLC, clusters had 2 and 15 patients, and in JSTLC, clusters
had 3 and 14 patients. It must be noted that the clusters
with the fewest patients are formed by those with the highest
overall similarity: 1222 and 1632 in STLC, and also 1626 in
JSTLC. Notably, the highest similarities of these patients do
not necessarily coincide in the same SV positions, although
the inner distances of the small clusters are slightly lower than
those of the large clusters. However, it should also be noted
that the two clusters of each TDMA have similar standard
deviations (they can be considered low), and inner and outer
distances. As previously mentioned, the STLC and JSTLC
are formed by uniformly distributed points. Only slight dif-
ferences between the inner and outer distances in STLC and
JSTLC led to an average SC of 0.21 and 0.13, respectively.

In the case of clusters of ST-LCSS and ST-LCSS-WTW,
we found SVs with overall low similarities but with some
patients being spatiotemporally close. These patients were
divided into two clusters that coincided with the two areas
shown in Figs. 11(e) and 11(f), which grouped the highest
similarities. The fact that there are many SVs whose cells
can be divided into two differentiated ranges of values indi-
cates that the standard deviation of the similarities of the
clusters is high with respect to the average similarity: in both
TDMAs, they are around 0.17. The clusters of both TDMAs
were similar and presented similar average SCs: 0.195 for
ST-LCSS and 0.188 for ST-LCSS-WTW. These average SCs
were among the highest of all the clustering solutions. The
average SC of ST-LCSS-WTW was slightly lower because
of the higher inner distances of its clusters, which may be
explained by the similarities between the close patients being
higher in ST-LCSS-WTW than in ST-LCSS, whereas those
between distant patients remained the same.

V. DISCUSSION
In this section, we discuss several topics related to the results
of the TDMAs and the k-means clustering.
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FIGURE 12. Representation of clusters in a two-dimensional space. The SVs of each patient are linearly reduced to
two dimensions using a Singular Value Decomposition of the data. Centroids of the clusters are represented as a X.

A. DTW AND ST-DTW
DTW is an algorithm where the first and last points of the
two trajectories must match and each of their intermediate
points must match another at least once. These restrictions
lead to the length of intersection trajectories (IT) was an
important factor when calculating their similarity. Although
DTW only evaluates the spatial dimension, the definition of
the algorithm leads to the fact that the similarity is not only
influenced by the trajectories having spatially close beds, but
also by when these beds are used. Therefore, high similarity

is not guaranteed only by points that are spatially and tempo-
rally aligned.

Fig. 13 illustrates three different examples in which DTW
was used. In Fig. 13(a),the beds of T1 and T2 are close such
that almost all the points match one-to-one. Fig. 13(b) shows
an edge case where T 1

1 and T 1
2 are very close, all points up

to the penultimate of T1 occur in the same bed, and the beds
from the rest of the points of T2 are close to the bed of the last
point of T1. Consequently, there are matches between T 1

2 and
all points in T1 except its last, and between the last point in
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TABLE 1. Clustering of the results of each TDMA using the K that provides the highest SC for each.

T1 and all points in T2, except for its first. In both examples,
the spatiotemporal similarity would be high, but there are
more matches in Fig. 13(b). Thus, its similarity would be
higher. In the experiment, a situation similar to that shown
in Fig. 13(b) could occur between patients 1579 and 1632.
Finally, Fig. 13(c) is a version of Fig. 13(b), where T 2

1 and
T 2
2 are in close beds far from those of T 1

1 and T 1
2 . In addition,

the rest of the central beds in T2 were at an intermediate
distance from those of T1. With these modifications, the
number of matches and their overall similarity were lower
than in Fig 13(b).
ST-DTW follows the same scheme as DTW but also

evaluates the temporal dimension. If we continue with the
examples in Fig. 13, this change will not significantly affect
that shown in Fig. 13(a). However, the results in Figs. 13(b)
and 13(c) were oppositely affected. In Fig. 13(b), some of
the intermediate points of the trajectories would match each
other, reducing the number of matches. In Fig. 13(c), the
number of matches would not change, but the final similarity
would increase. In DTW, points that are distant in space but
close in time have little impact, but in ST-DTW, their high
temporal similarity is also added. This explains the overall
increase in the ST-DTW results, with a greater increase when
the intersection trajectories between patients were longer. For
example, the similarity between Patients 1222 and 1579 is
0.4 points higher in ST-DTW.

In summary, DTW and ST-DTW are two algorithms with
strong restrictions regarding the order in which the points can

FIGURE 13. Representation of three cases where DTW is used to evaluate
the spatiotemporal similarity between two trajectories, T1 and T2. Each
trajectory is represented by a series of cells whose color represents the
bed. We assume that the spatial distance between any two beds of the
same color is the same and the lowest. The distance between yellow and
green beds is the same as between yellow and orange beds, and it is
lower than between green and orange beds.

be matched but not the maximum distance between the points
to allow the match. Consequently, there are many pairs of
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patients with high similarity between them and low similarity
with the rest, which causes the appearance of small clusters,
particularly in DTW.

B. STLC AND JSTLC
STLC and JSTLC present a scheme in which each point of
each trajectory must match at least once with a point of the
other trajectory, without a match being conditioned by the
previous ones. This implies that the longer the trajectories,
the higher the similarity is. For example, patients 1222, 1579,
1585, whereas 985 had some of the longest trajectories and
highest similarities, and patients 1621 and 1640 had the
opposite. Note that we do not consider it an issue: the more
time and space two people share, the more an infection is
likely to occur. However, evaluation of these dimensions can
have a negative effect on the overall results. In STLC, the
closest spatial and temporal points are searched separately
for each point. In practice, the temporally closest point is
always the one with the same timestamp. As the ITs between
two trajectories have the same number of points and the
same start and end dates, the temporal similarity is a measure
of the length of the ITs, and only the spatial similarity is
evaluated. The lack of restrictions in selecting the spatially
closest point leads to, for example, simSTLC (T1,T2) being
high and the same in Figs. 13(a) and 13(b). In the case of
Fig. 13(c), as simSTLC (T1,T2) is calculated as the average of
the similarities of each trajectory with the other, the high
similarity between T1 and T2 would be compensated by the
lower similarity between T2 and T1.

The JSTLC searches for the closest spatiotemporal point
of each point. Thus, there must be a balance between both
dimensions, and the proportion of points whose matches
have a similarity close to the maximum should decrease. The
overall similarity in Fig. 11(f) was slightly lower than that in
Fig. 11(e). If we consider pairs of ITs with similar lengths, the
ITs with the highest similarities were those that share most
points that are close in space and time. However, like ST-
DTW, there are points that are close in time, but not in space
(and vice versa).

In both STLC and JSTLC, two facts (the requirement that
all points must match, and the lack of limits on the distance
to allow the match) lead to a medium-high overall similarity.
This should not be considered as an issue. However, since
there were no marked differences between the SVs of the
patients, most of them were grouped in the same cluster, sep-
arating those that differed in other clusters. This is reflected
in the fact that the clusters obtained from the results of STLC
and JSTLC presented the largest average Euclidean distances
between the SVs of the patients in the same cluster.

C. ST-LCSS AND ST-LCSS-WTW
Unlike the other TDMAs, ST-LCSS and ST-LCSS-WTW
implement two parameters, ε and δ, to spatially and tem-
porally limit when two points can match. The values for
these parameters are essential because the effectiveness of the
algorithm relies heavily on them and should be chosen based

on the physical structure of the hospital and how the scientific
literature characterizes the transmission of the infection.

If we consider the spatial dimension, we can take advantage
of its hierarchical definition in the data model to fine-tune the
evaluation of similarity between trajectories without chang-
ing the costs assigned to the edges of the graph database (see
Fig. 1). For example, the first approach can be made at a
superior level of the hierarchy, such as the Floor, because a
lower level might result in most similarities between patients
being zero, and therefore, not detecting a possible outbreak.If
the most precise evaluation is needed, spatial matching can be
restricted to LogicZone (a custom group of Areas), Area or
Service. It is worth mentioning that the domain spatial hier-
archy has several types of edges for neighborhood relations,
such as nextTo and opposite. Thus, it is possible to represent
different levels of proximity between points within the same
Floor.

Regarding the results of the ST-LCSS and ST-LCSS-
WTW, Figs. 11(c) and 11(d) show that the overall similarity
between patients is medium-low. Given parameters ε and
γ and that none of the points need to be matched, we can
be more confident that a low or high similarity will have
a relationship with points that are close in space and time
within the set parameters. Similar to DTW and ST-DTW, the
ST-LCSS conditions in which a new match cannot be made
with points that are before the last match or that are already
matched. In ST-LCSS-WTW,we attempted to lighten the first
restriction and obtained a slight increase in the similarities
between some patients, especially among those who already
had a higher similarity than the others, differentiating them
even more. An increase in the value of similarities benefits
both the human analysis of the results and the clustering.
ST-LCSS-WTW presents (except for DTW) clusters with the
lowest average Euclidean distance within the cluster and an
average distance with the other cluster similar to that of the
other algorithms. Thus, clustering on the ST-LCSS-WTW
results has one of the highest SC values (higher than that of
ST-LCSS). In addition, the clusters in the ST-LCSS-WTW
and ST-LCSS were the most similar to the patient groups
observed in our visual interpretation of the SMs.

D. OTHER ASPECTS RELATED TO TDMAS
There are some aspects that are worth mentioning, although
not directly related to how TDMAs work or their results.

From a computational cost perspective, ST-LCSS-WTW
is the most expensive algorithm because it has branched
execution that implies an order of exponential complexity.
In addition, the branching level strongly depends on ω and
the sampling frequency used to create trajectories. In contrast,
STLC and JSTLC are algorithms with quadratic complexity
orders. Despite its recursive definition, several optimizations
have been studied for DTW (by extension, they can also
be applied to ST-DTW) based on its implementation with
dynamic programming [41], which presents a quadratic com-
plexity order.
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A matter of interest may also be the ease of modifying the
algorithm in its implementation for parallel computation or
adding new conditions to guide the search, such as setting
minimal spatial and temporal similarities. In this sense, the
JSTLC is an algorithm whose simplicity can facilitate these
tasks. For example, the searches for the closest points of
T2 to each point of T1 are independent so that they can
be executed in parallel. Furthermore, when calculating the
similarity between two points, we can add parameters ε and
δ to check if the spatial and temporal similarities are above
the defined minimum, and if not, then simST (p1, p2) = 0.
It is necessary to study whether a similar modification could
be applied to DTW and ST-DTW.

With respect to this modified version of JSTLCwith spatial
and temporal constraints, its results would be like those of
ST-LCSS-WTW, because both algorithms seek to maximize
the matches between points and their total similarity. A rele-
vant difference between the two algorithms is the number of
matches that a point can have. In ST-LCSS-WTW, a point can
match, at most, one point of the other trajectory. Meanwhile,
in JSTLC, a point can be the closest to several points of
the other trajectory, so there is a match between each pair.
Weighing one alternative better depends on whether we con-
sider that the probability of contagion only increases with a
close and prolonged stay of both patients (ST-LCSS-WTW)
or also with the susceptible patient remaining in a possibly
contaminated environment (space, furniture and equipment,
HCW), even if the other patient has left (modified JSTLC).
Here, the characteristics of the pathogen are essential.

Although no explicit comparison has been made, the
human interpretability of the results of each TDMA is also
a relevant factor to consider, especially when considering
the StESPT as a tool to support epidemiologists in detect-
ing outbreaks among the patients. Apart from the similarity,
some TDMAs return extra information for this purpose. ST-
LCSS and ST-LCSS-WTWalso return the number ofmatches
between each trajectory and could returnwhich thesematches
are and their similarity. This could help to determine the
sources of transmission more precisely. Similarly, STLC and
JSTLC can return, for each trajectory, which are the matches
between their points and the closest points in the other. In the
case of DTW, it is not possible to obtain this type of informa-
tion.

E. TIME CONSIDERATIONS
Several aspects related to the definition of the time limits for
comparing sampling points can be discussed.

When evaluating the similarity between two trajectories,
T1 and T2, we define the intersection trajectories (IT) between
them and start checking for matches from the first to the last
points of each IT. However, we can propose checking points
within one IT with points outside the other IT, but within the
STPT. The following example illustrates a situation where
this comparison could be beneficial: there are two patients,
P1 and P2, whose hospitalizations start at different times, P1
being the first. Therefore, T1 will have some points before

the IT between both patients (we consider that T1 and T2 are
within the STPT). P1 moves to another room when P2 enters
the hospital in the same roomwhereP1 was. The environment
in which P2 is located may be contaminated, but this situation
is not considered when evaluating the similarity between their
IT. A similar situation would occur if P1’s stay ended before
P2’s, and P2 was in a Location close to P1’s last Location
when P1 was no longer in the hospital.

We can set a margin to define the maximum allowed dif-
ference in time between two points when one is within the
IT and the other is only within the STPT. Implementing this
modification would be simple in STLC and JSTLC, because
the matches between points are independent. For the rest
of the algorithms, it is necessary to analyze whether these
extra points that do not temporarily coincide with the other
trajectory should be part of the IT, given that their benefits
are situational. For example, matches (T 1

1 ,T 1
2 ) and (T

m
1 ,Tm2 )

are mandatory in DTW and ST-DTW, respectively.
Another aspect to discuss is the definition of the endpoint

of ITs between T1 and T2. It is defined based on the end of the
STPT or the last point of one of the trajectories, depending on
which time occurs first. However, the endpoint of the ITs can
be defined as the sampling point at which the first positive
TestMicro occurs in T1 or T2. This latter option would be
appropriate for an epidemiological investigation focused on
identifying which patients are most likely to have transmitted
the infection to a particular patient. We want the study frame-
work of this work to be broader, covering spatiotemporal
relationships between patients beyond contagion, as they can
be key in determining where the sources of the outbreak are
located. For example, if a patient had a positive TestMicro
while in a room but was later moved to another room, patients
close to both rooms may be at risk of becoming infected.

F. CLUSTERING METHOD
When applying the k-means clustering algorithm, the results
vary significantly depending on the TDMA used to generate
the similarity matrices between patients. However, the six
solutions have similar SCs ranging [0.13, 0.25].

K-means is an algorithm that creates K clusters by mini-
mizing the sum of the distances (Euclidean distance) between
each patient in the cluster and its centroid. This can be a draw-
back when we have a dataset, such as the SM of this work,
in which there is no clear distinction to classify its elements,
either because most of the data share similar values in each
of the dimensions that define them (as, above all, in STLC
and JSTLC) or because there are some small groups of data
that are very similar to each other but are not very separated
from the rest (as in DTW and ST-DTW). In search for a
balance between the average distances between the patients
in each cluster, patients can be divided into a few clusters that
contain most patients or into many small clusters that divide
patients into fine-grained levels. In practice, the relationship
between cluster cohesion and separation (measured using SC)
is similar for both options. Notably, clustering on the SM of
DTW presents the highest SC. However, if we consider that
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the STPT is eight days, that the number of patients among
which to search for clusters is 17, and that they were in
nearby locations, a smaller number of clusters would be more
reasonable.

In the case of STLC and JSTLC, we could see that the
overall medium-high similarities between patients and that
the clustering algorithm groups the patients with the highest
similarities apart from the rest as a sign that they are more
specific for representing high similarities, zooming those
patients that are particularly close. However, as shown in
Figs. 11(c) and 11(d), the similarities between the patients
forming these smaller clusters (patients 1222, 1632 and 1626)
were not the highest in each SV, and in Fig. 10, their trajec-
tories do not seem to represent a group of patients who have
been especially close during much of the STPT. Hence, in our
experiment, we cannot be sure that the STLC and JSTLC
could work as a ‘‘loupe’’ to highlight very closely related
patients.

Concerning the clusters on ST-LCSS and ST-LCSS-WTW,
we cannot determine whether the clusters found by k-means
using their SMs are better than the SMs of the other TDMAs
if we consider only the quantitative measures presented in
Section IV-B.4. However, visually, we can notice that the
clusters obtained with ST-LCSS and ST-LCSS-WTW are the
most similar to the two groups of patients we deduced that
could be spatiotemporally close in the previous step. Hence,
based on the results when using ST-LCSS or ST-LCSS-WTW
as TDMA, we concluded that the source of CD infection
was the A&E service on Floor 0, and that, subsequently, two
outbreaks occurred on Floor 2.
For all TDMAs, the clustering has an average SC of 0.2,

which can be interpreted as low or ‘‘weak.’’ However, it has
been reported that increasing the dimensionality of the data
makes it difficult to obtain high SC values because the aver-
age distances between elements become similar: there is an
increase in the space where the elements to clusters are,
so they appear to be sparse, preventing the efficient detec-
tion of areas with similar properties [40]. Note that in our
experiment, each patient is represented by a 17-dimensional
vector (the similarity vectors have as many dimensions as
patients to cluster). In addition, we normalized the spa-
tial and temporal distances between two points from wider
range to [0,1].

G. LIMITATIONS
To the best of our knowledge, there are no open reposito-
ries containing actual hospital data with the level of detail
required to perform this type of study. A limitation can arise
from the fact that the experiment presented herein was based
on a synthetic dataset [37]. However, it is possible to gen-
erate different datasets using the same or different patient
movement dynamics, bacterial transmission dynamics, and
hospital layout. In addition, the values of the cost property in
the edges of the spatial dimension in Fig. 1 represent distances
in meters but are not based on actual measurements.

VI. CONCLUSION
This study aimed to support epidemiologists in investigating
the epidemiological relationship between patients infected
with bacterial HAI. For this purpose, we designed the StESPT
methodology, where we defined a set of steps to quantify
how spatiotemporally connected infected patients have been
during their stay in the hospital. Finally, taking this as a basis,
we try to determine if they are part of one or several outbreaks
and which are the possible transmission routes. These steps
are to obtain the infected patients and their trajectories, evalu-
ate the similarity between two patient trajectories based on an
equation that linearly combines the spatial and temporal sim-
ilarities between their points, and cluster the patients based
on their similarities with the k-means algorithm. We used
the silhouette coefficient (SC) to measure the relationship
between the cohesion and separation of the clusters.

We designed an experiment that simulates how epidemi-
ologists could use StESPT to analyze the trajectories of
several patients infected with Clostridium difficile in a hos-
pital. Using the StESPT, we could determine the origin of the
infection and the current existence of two outbreaks.

We modified three general-purpose TDMAs to calculate
the similarity between two trajectories (DTW, STLC, and
ST-LCSS) and created an extension with more significant
changes for each one (ST-DTW, JSTLC, and ST-LCSS-
WTW) to better adapt to the semantics of the problem.

The results of the equation used to evaluate the spatiotem-
poral similarity between points and the clustering algorithm
depend on how each TDMA reflects the spatiotemporal rela-
tions between the trajectories, which are influenced by their
characteristics.

We observed that evaluating the proximity between
patients by combining spatial and temporal information pro-
vided better results than evaluating the spatial dimension
alone (DTW and, in practice, STLC). We also realized two
different cases when each point of one of the trajectories must
match at least one point of the other trajectory: restrictions
referring to that new matches must depend on the previous
ones can lead to an over-increase in similarity between trajec-
tories in some specific cases (DTW, ST-DTW), and the total
absence of these restrictions can lead to a general similarity
between all patients without significant variations (STLC,
JSTLC).

Setting spatial and temporal limits to define when a
match between points on two trajectories is allowed and,
consequently, not forcing all points to be matched (ST-
LCSS, ST-LCSS-WTW) enables the representation of sim-
ilarities between trajectories that most closely reflect the
spatiotemporal relationships between patients. When com-
paring ST-LCSS and ST-LCSS-WTW, the greater degree of
independence in matching the points between two trajectories
for ST-LCSS-WTW allows for greater accuracy in determin-
ingwhich points are spatiotemporally close. These spatial and
temporal limits also enable the evaluation of trajectories at
several precision levels. For example, spatial limits can be
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supported by a flexible and multi-level model to represent
the spatial dimension, which comprises several concepts and
relations between them.

To conclude, in k-means, to achieve a high SC, data should
not be uniformly dispersed (as in STLC and JSTLC) or
with some data that have very similar characteristics (DTW,
ST-DTW). Although with an average SC like the rest, the
results from ST-LCSS and ST-LCSS-WTW led k-means to
find the clusters of patients that most closely resemble what
would have actually occurred based on the spatiotemporal
relationships between the patients.

A. FUTURE WORKS
In the immediate future, we propose to improve the JSTLC by
adding spatial and temporal parameters to limit the matches
between points so that each point should not have at least
one match. We want to compare the results of this modified
version of the JSTLC with those of the ST-LCSS-WTW
regarding their capabilities to represent spatiotemporal prox-
imity between patients infected with diseases with different
epidemiological characteristics.

We also plan to study the use of other types of clustering
algorithms, such as hierarchical clustering, whose represen-
tation as a dendrogram of the merging of clusters can provide
visual support for understanding the structure of the data;
or fuzzy clustering, such as Fuzzy C-Means, in which an
object in the dataset can be classified into more than one
cluster. We plan to integrate the equation to calculate the
spatiotemporal similarity between points and some TDMA
with the clustering algorithm.

DATA AND SOFTWARE AVAILABILITY
The dataset and software used to execute the StESPT in
the experiment are available in the following repository:
github.com/LorenaPujante/StESPT. GraphDB was used as
the RDF triplestore. The software used for the experiment
was implemented in Python. The authors used the scikit-learn
library for the clustering.

An extended description of the design of the hospital and
the software to transform the output of [37] into a KG fol-
lowing the model from [10] are in the following repository:
github.com/LorenaPujante/HospitalGeneratorRDF_V2.
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