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Abstract

Background: Hospital patient registries provide substantial longitudinal data sets describing the clinical and medical health
statuses of inpatients and their pharmacological prescriptions. Despite the multiple advantages of routinely collecting
multidimensional longitudinal data, those data setsare rarely suitable for advanced statistical analysisand they require customization
and synthesis.

Objective: Theaim of this study was to describe the methods used to transform and synthesize araw, multidimensional, hospital
patient registry data set into an exploitable database for the further investigation of risk profilesand predictive and survival health
outcomes among polymorbid, polymedicated, older inpatients in relation to their medicine prescriptions at hospital discharge.

Methods: A raw, multidimensional data set from a public hospital was extracted from the hospital registry ina CSV (.csv) file
and imported into the R statistical package for cleaning, customization, and synthesis. Patients fulfilling the criteriafor inclusion
were home-dwelling, polymedicated, older adults with multiple chronic conditions aged =65 who became hospitalized. The
patient data set covered 140 variables from 20,422 hospitalizations of polymedicated, home-dwelling older adults from 2015 to
2018. Each variable, according to type, was explored and computed to describe distributions, missing values, and associations.
Different clustering methods, expert opinion, recoding, and missing-value techniques were used to customize and synthesize
these multidimensional data sets.

Results: Sociodemographic data showed no missing values. Average age, hospital length of stay, and frequency of hospitalization
were computed. Discharge details were recoded and summarized. Clinical datawere cleaned up and best practices for managing
missing values were applied. Seven clusters of medical diagnoses, surgical interventions, somatic, cognitive, and medicines data
were extracted using empirical and statistical best practices, with each presenting the health status of the patients included in it
as accurately as possible. Medical, comorbidity, and drug data were recoded and summarized.
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Conclusions: A cleaner, better-structured data set was obtained, combining empirical and best-practice statistical approaches.
The overall strategy delivered an exploitable, population-based database suitable for an advanced analysis of the descriptive,
predictive, and survival statistics relating to polymedicated, home-dwelling older adults admitted asinpatients. More research is
needed to develop best practices for customizing and synthesizing large, multidimensional, population-based registries.
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(JMIR Med Inform 2021;9(5):€24205) doi: 10.2196/24205
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Introduction

The transition from paper-based patient records to electronic
health records has provided unprecedented access to vast
amounts of diverse clinical and health data at the point of care
[1]. Undoubtedly, this transition offers a huge opportunity to
exploit patient registriesfor scientific, clinical, and health-policy
purposes. An electronic health record is the systematized
collection of patients' digitally stored health information. The
term patient registry is generally used to distinguish registries
focused on health information from other data sets, but thereis
currently no consistent definition in use[2]. The World Health
Organization (WHO) describes registriesin health information
systems as “a file of documents containing uniform health
information about individual persons, collected in asystematic
and comprehensive way, in order to serve a predetermined
purpose’ [3]. Properly designed and executed patient registries
can provide a real-world view of clinical practice, patient
outcomes, safety, and comparative effectiveness [4,5]. Several
national registries (eg, the National Committee on Vital and
Health Statistics, or the Agency for Healthcare Research and
Quiality, both in the United States) are used for a broad range
of purposes in public health and medicine as part of “an
organized system for the collection, storage, retrieval, analysis,
and dissemination of information on individua persons who
have either a particular disease, a condition (eg, a risk factor)
that predisposes the occurrence of a hedth-related event, or
prior exposure to substances (or circumstances) known or
suspected to cause adverse health effects’ [1]. Other termsused
to refer to patient registries are clinical registries, clinical data
registries, disease registries, and outcomes registries [5,6]. A
patient registry can be apowerful tool for observing the course
of adisease, understanding variationsin treatment and outcomes,
examining factors that influence prognosis, describing care
patterns, including the appropriateness of care and disparities
in its delivery, assessing effectiveness, monitoring safety and
harm, and measuring some aspects of the quality of care[1,6].

National and international statistics document elevated rates of
hospitalization and emergency department admissions among
polymedicated, home-dwelling older adults with multiple
chronic conditions, and these are often caused by
medication-related problems (MRPs) [7-10]. However, the
determining factors of medication-related hospitalizations are
poorly understood and require more investigations based on
existing patient data [11]. The associations between age,
comorbidities, polypharmacy, and adverse effects on health
outcomes and health care consumption have been reported in
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multiple studies of emergency departments and hospitals, but
the underlying mechanisms have often been unclear [12-14].
Several studies have demonstrated that one-quarter of the
emergency department admissions for polymedicated,
home-dwelling older adults are related to the inappropriate
prescription of medicines or unsatisfactory medication
management [15,16]. Poor medication management,
inappropriate medicine prescription, and drug—drug interactions
are frequent causes of admission [17,18]. The risk of MRPs
increases not only with old age and comorbidities but also with
the number of medications prescribed and with certain classes
of medicines, such asmedicinesfor cardiovascular diseasesand
diabetes [9,19]. The mechanisms behind those high rates of
hospitalization in relation to MRPs deserve more attention.
More knowledge and understanding of the factors predisposing
and precipitating hospitalization and MRPs among
polymedicated, home-dwelling older adults are needed too.

This paper aims to describe the method used to transform and
synthesize a raw, multidimensional, patient registry data set to
prepare it for exploitation as a database with which to examine
predictive and survival analysis among hospitalized older
inpatients.

Methods

Study Design

This multidimensional, retrospective, patient registry—based
study explored the methods required to transform and synthesize
araw data set into a suitable database for further analysis of
descriptive, predictive, and survival statisticsto identify therisk
factors that might induce MRPs among discharged,
polymedicated older inpatients.

Population and Sample

The multidimensional patient registry included 140 variables
routinely collected during hospital stays by older adult inpatients
aged 65 yearsold or more, living a home before hospitalization,
with at least five prescribed medicines at discharge from
hospital. The extracted data set was composed of a sample of
20,422 hospitalizationsfrom 2015 to 2018, with similar numbers
of annual hospitalizations: 5134, 5095, 5125, and 5068,
respectively.

Medicines prescribed before hospital admission were not
considered in the analysis due to a lack of data accuracy and
validity. Indeed, information on medication at hospital admission
is often collected from patients themselves, who may not
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accurately report their prescriptions, particularly in cases of
unplanned hospitalization.

Data Set Extraction and Importing

The hospital data set was extracted from a public teaching
hospital’sregistry, delivered to theinvestigatorsinaCSV (.csv)
format file viaan encrypted email and saved on a secure server.
Finally, the data set was imported into the R statistical package
for cleaning, datatransformation, and synthesis[20]. Routinely
collected data included information derived from patients
medical and clinical statuses (patient-reported data, clinical
examination, medical diagnoses, or medicines prescribed). The
data set had to be cleaned up and synthesized to be suitable for
analyzing descriptive, predictive, and survival statistics.

Data Cleaning and Transfor mation

Clinical coding was carried out directly by health care
professional s during routine daily care, using a pre-established
drop-down menu. Official clinical coding of established medical
(10th revision of the International Statistical Classification of
Diseases and Related Health Problems [ICD-10]) and surgical
diagnostics (CHOP) is mandatory under Swiss Federa Office
of Public Health regulations. The variables represented by free
text in the original database were excluded.

Thedistributions of each variable in the data set were explored,
according to type (categorical and continuous variables), in
order to identify any extreme values and obtain a better view
of missing values and associations. Our data cleaning and
transformation were guided by aliterature review on cleaning-up
large data sets, the quantity of information available to us, and
the study aim [21]. One major challenge was to find a way to
select or summarize a significant volume of information so that
further descriptive and predictive statistical analyses could be
performed (ie, summarize as many variables as possible, while
losing the least amount of information). The large number of
variables describing an inpatient’s somatic and cognitive status
and medical diagnoses represents a significant challenge: we
must find a balance between the variability of data and the
essential, detailed information they provide without losing the
ability to perform descriptive, predictive, and survival analyses
[22].

Presentation of the Data Set

Description of the Sociodemographic and Hospitalization
Data Set

The sociodemographi ¢ data set—almost exclusively composed
of ordinal variables—included just 2 categorical variables (sex
and place of discharge) and 1 continuous variable (age). There
were no missing sociodemographic variables except among the
place-of-discharge data.

The hospitalization data set included 2 continuous variables
(date of entry and discharge) and 1 categorical variable (the
personal identification data number [PID]). These 3 variables
enabled us to compute the length of stay (LOS) and the
frequency of hospitalization and rehospitalization, respectively.
Rehospitalization rates were important health status indicators
in relation to drug prescriptions. Many polymedicated,
home-dwelling older adults were hospitalized more than once
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during the 4-year study period. Almost one-third (n=3678) of
older inpatients were rehospitalized 3 times or more; a small
fraction was hospitalized more than 9 times. We found 18
polymedicated, home-dwelling older adults who were
rehospitalized 17 timesand considered them asoutliers. Besides
computing the average age and hospita LOS, no other
interventions were necessary to clean up this section of the data
set. Our analysesfound an almost equal distribution of menand
women, with an average age close to 79 (SD 7.7). Most older
inpatients were discharged home after an average L OS of about
10 days (Multimedia Appendix 1).

Description of the Somatic Data Set

Nurses routinely collect clinical data during hospitalization
using a drop-down menu, and the data set was composed of 18
categorical variables: 16 measured as ordinal variables (mobility,
changing position, fallsin the last year, exhaustion, upper- and
lower-body care, upper- and lower-body [un]dressing, eating,
drinking, micturition and defecation-related movements, hearing,
vision, verbal expression, and pain intensity) and 2 measured
as nominal variables (atered gait and chronic pain). Missing
values in the data set were resolved by recoding them as “not
available” (NA; Multimedia Appendix 2).

Description of the Cognitive Data Set

Inpatients’ cognitive status was measured at an ordina level
using 5 categorical variables. Morethan 72.60% (14,826/20,422)
of adults showed no deterioration in their cognitive status
(Multimedia Appendix 3).

Description of the Medical Diagnoses and Surgical
I nterventions Data Set

This dataset of medical information was composed of patients
principal medical diagnosisand 4 secondary medical diagnoses
(active or passive comorbidities), based on the WHO's ICD-10
adopted by Switzerland’s health care system [23]. This was
completed with the patient’s principal surgical intervention and
4 additional surgical interventions, based on Switzerland's
surgical classification system (named CHOP) [24]. This data
set showed no missing values (Multimedia Appendix 4).

The data set has no specific coding for MRPs (the corresponding
ICD-10 is “Poisoning by drugs, medicaments and biological
substances’) [25].

Description of the Prescribed Medicines Data Set

The hospital data set showed that discharged patients had been
prescribed 2370 different medicines. This huge number of
medicines and their heterogeneous therapeutic focus needed a
structured classification built based on best practices
(Multimedia Appendix 5). Based on expert opinion and a
literature review on medicine classification systems, we chose
the Anatomical Therapeutic Chemical (ATC) classification
system’s 14 top-level codes to structure the set of prescribed
medicines [25,26] (Multimedia Appendix 6).

Synthesizing the Raw Data Set

Summarizing the data set was especially challenging because
most of the variables documented different parts of inpatients
overall health status, with al the diverse dimensions of their
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somatic and cognitive conditions. Special attention was given
to thelarge data set of prescribed medicinal treatments. In many
fields, the most common means of coping with such difficulties
isthe use of statistical clustering, a technique which combines
all the available information (all variables) to reveal one or
several underlying dimensions or health concepts.

In addition, the data set’s large number of variables and
dimensions made it extremely complex to investigate the
rel ationshi ps and interactions between the different somatic and
cognitive variables. The data set should allow the analysis of
therisks of adverse health outcomes and their relationshipswith
the medicines prescribed. For this reason, computing every
variable in the same model may not be the optimal modeling
choice if we consider the multidimensional aspect and
dependency between those variables. Thisis especialy true if
these variables are significant (P<.01) for the discrimination
and discovery of mechanisms leading to rehospitalization and
anonreturn home due to medical conditions and MRPs. In the
absence of any scientific models, this study used an empirical
approach.

Data Clustering

Overview

Little research to date has explored specific combinations or
clustersof clinical dataand health status. Our study’s objective
was to transform and synthesize valuable inpatient health
information (health concepts such as mobility), rather than to
reduce the dimensions of the data. It is, therefore, worth
considering a larger number of principal components in the
analysis to explain alarger part of the data variability. Almost
all the studies which have examined specific comorbidities start
from a specific disease rather than examining al the
co-occurring clinical and medical conditions[27,28]. Nosology
clusters groups of diseases, disorders, or syndromes with
meaningful associations into a type of classification, so that
diseases, for example, within a cluster, are very similar to one
another, but are dissimilar to diseases in other clusters [29].
Among older inpatients, some associations are useful for
identifying those at risk of in-hospital adverse clinical events
and death in relation to those disease or heath-syndrome
clusters.

A large variety of clustering methods exist in the literature.
However, the majority are focused on either continuous or
nominal data alone. Only a limited number of techniques and
strategies manage to incorporate both variable types into the
same clusters [30].

Distance M easurement

Thisapproach aimsto create ameasure of the distance between
individuals or sequences that includes nominal and continuous
variables. The Gower distanceisthe most widely used distance
measure, and it can be used to cal cul ate the distance between 2
entities whose shared attribute has a mixture of categorical and
numerical values [31]. However, because it uses a range of
continuous variabl es to determine the distance and assumes that
nominal variables have a distance of either O or 1, the Gower
distance may underestimate the impact of continuous variables
because they are valued at 1 much less often than nominal
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variables are. Furthermore, weightings are selected arbitrarily.
However, they define each datatype’s contribution to the overall
distance. As with al distance measures, the Gower distance
should be used as an input for clustering methods, such as
k-means.

K-Means Method

The k-means algorithm ismainly used for continuous variables
[32]. Severd other applications, such asthe R statistical package
KAMILA [33], integrate different types of variables. In this
case, it uses the probabilities of a multinomial distribution for
the discrete variables. The continuous variable distribution is
estimated using univariate kernel densities [34]. The
probabilities resulting from both distribution types are added
together to obtain a measure of how close an observation isto
the center of each cluster.

K-Medoids Method

The k-medoids method is a more robust version of k-means
[35]. The difference is that in k-medoids real data points are
selected as cluster centers, whereas in k-means the centers are
the computed averages. The PAM function in the R statistical
package KAMILA is a popular application of this approach
[33,34].

Multiple Correspondence Analysis

The standard method for clustering factor variablesis multiple
correspondence analysis [36]. This model is implemented in
the FactoMineR and PCAmixdata R packages. It splitsall factors
into multiple binary variables and applies a type of principal
component analysis. The principa components obtained are
then usually clustered using a k-means algorithm.

Hierarchical Cluster Analysis

Our dataanalysis strategy applied ahierarchical cluster analysis,
using the ClustOfVar R package [37,38]. Aswith any statistical
analysis, results of ahierarchical cluster should not be accepted
as they first appear, but should be taken as suggestions or
guestioned instead. When the final set of groups of variables
was defined, astatistical model to cluster theindividualswithin
each group was applied. This created one new variablefor each
group, indicating the type of characteristics the individual
displayed in his/her health status assessment. For example, if
we separate the individuals into 3 groups according to their
cognitive status, we might obtain a variable indicating that a
person belongs to a group with significant, minor, or no
cognitive impairment. This type of aggregated variable was
used in our final analysis of risk factors.

Our analysis explored several different clustering methods.
However, the results displayed here most often used the
following variable clustering procedure. First, a one-factor
analysis model was typically used; second, the most important
latent factors were selected. At this stage, it was essentia to
obtain accurate clustering rather than reduce the dimensionality,
which takes place in the final cluster partition. Third, these
factors were considered as variables and served as the input to
ak-means clustering algorithm. Finally, the number of clusters
was then selected using the Rousseeuw silhouette statistic, also
with regard to the interpretability of the resulting partition [39].
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Two-Step Clustering Framework

In thisapproach, n and p denote the numbers of the patients and
health conditions (indicators), respectively. The data can thus
be represented by an n x p matrix, where the observed value
for the ith column and the jth row of the data matrix is 1 or O,
indicating the presence or absence of the ith health condition
for the jth respondent (i = 1,..., p;j = 1,..., n).

In the 2-step clustering approach, step 1 involves clustering the
p conditions into non-overlapping groups of clinical or health
conditions. Based on individual patterns in these groups of
clinical and medical conditions, step 2 involves clustering the
n respondents into clusters which correspond to different
patterns of clinical or health conditions.

To thoroughly analyze the data and identify the MRPs leading
to adverse hed th outcomes—such as rehospitdization, nonreturn
home, and early death [40,41]—among older adult inpatients,
aliterature review was conducted [27].

Treatment of Missing Data

As in every rea-life data collection exercise, missing values
are unavoidable, and it is important to define how these are
integrated into the study. Four approaches were considered:
ignoring all observationswith 1 or more missing values;, defining
“NA” as a separate potential variable value; replacing every
missing value by the mode of the corresponding variable; or
performing multiple imputations on the data set. The first
approach was obvioudly inappropriate, especially in caseswhere
the number of missing datawas significant (P<.01). Considering
NA asaseparate modality for each variableinflates the number
of modalities, but it reduces the possibility of bias due to
incorrect imputation methods. Nevertheless, for the sake of
comparison, it was also tempting to consider the 2 latter
approaches. Before choosing between simple replacement using
the variable’'s mode value and multiple imputation, we had to
test for the type of missing data. If data are missing completely
at random, we can simply impute using the mode. However, if
this possibility is rejected, multiple imputation is theoretically
more appropriate. The Little test (1988) [42] examines the null
hypothesisHO: the data are missing compl etely at random. This
test was applied to all subclusters of variables and the null
hypothesis was rejected for every data set. This indicated that
multipleimputation could be performed as an optional solution
for estimating missing values.

Finally, defining NA values became our primary choice for the
treatment of missing values. By creating an NA variable (an
empty variable that does not influence the cluster result), all
observations with an NA variable were still taken into account
inthe cluster analyses. Thisiswhy each cluster analysiscontains
every hospitalization (N=20,422).

Ethical Consider ations

The hospital data set was coded and its use was contractually
limited by the participating hospital center. Furthermore, because
the data setsincluded highly sensitive el ectronic patient records
from ahospital registry, ethical approval was sought before any
synthesis or analysis. Data were stored on a dedicated secure
data server, which included alog registry. Each access flow to
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the secure data environment was documented, and each change
required approval. Only users working on the project and
requiring access to the data were allowed to use the selected
multifactor authentication mechanism in the secure environment.
The Human Research Ethics Committee of the Canton of Vaud
(CER-VD) (2018-02196) approved the study on February 1,
2019.

Results

Transfor mation of the Data Set

Theoriginal data set required some adjustments before our plan
of analysis could move forward. Four empty variables and 1
observation containing mostly 0 or unavailable values were
removed from the data set. The labels for al variables were
rewritten and clarified, and many medicine names in French
had accents and unreadable symbols corrected.

Missing Data

Tests made using both the BaylorEdPsych and RBtest R
packages confirmed that the missing-completely-at-random
hypothesis could be rejected [42]. Observations within each
subcluster of the data set that only contained missing values
were recoded as NA. Their presence might have been due to
incorrect inputs, human or software error, or unavailable parts
of some questionnaires. Missing data had very little impact on
the sample size, appeared to be random, and concerned thefirst
4300 observations, especially. After recoding these observations,
the cognitive status variables showed no more separate missing
observations, and we had a complete data set.

Clustering of Clinical and Medical Data

Most of the hospital variables were partialy independent and
gathered into several groups according to the dimension of the
patient’s measured/assessed clinical and medical status. We
used an empirical approach suggested by health care experts
(FP, HV, and AvG) in an attempt to present homogenous groups
within the set of variables. In cases involving clear and
meaningful clustering, we relied on expert recommendations
or opinions taken from a comprehensive literature review
[27,33]. However, when evidence was scarce, we clustered
variables using statistical methods. The results from statistical
methods were compared against those from expert opinion,
which served as a validation tool for addressing any possible
subjectivity in those expert opinions [27,33].

Seven groups of clusters were developed: somatic/physical
health conditions (3 orange groupsin Figure 1), cognitive health
conditions (green textbox in Figure 1), total number of
prescribed medications based on the ATC classification,
diagnoses based on the ICD-10 (yellow textbox in Figure 1),
and the surgical interventions based on CHOP (gray textbox in
Figure 1). Besides these more apparent distinctions between
variables, other underlying subclusters may be present within
these groups. This point is beyond the scope of this paper,
however, and will be documented elsawhere with a
complementary, within-group analysis (the presence of an
interpretable clustering of variables within a group before
clustering individuals). An examination of the place of discharge
variable confirms this: of 20,422 hospitalizations, only 131
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patients (<1%) were documented to have died during
hospitalization. Bearing in mind that there was no explicit
variableindicating thisworst outcome, we devel oped indicators
that were suggestive of imminent death or a highly and
irreversibly deteriorated health condition. Based on aliterature
review of polymorbidity, 6 clinical indicators from the data set
were associated with a functional deterioration leading to
progressive decline and poor health status [43]: (1) restricted
mobility, (2) incapacity to change position, (3) altered alertness,
(4) altered orientation, (5) altered gait, and (6) reduced or absent

Figure 1. Structure and content of the data set clusters.

Taushanov et al

cognitive skills necessary to carry out the activities of daily
living. Each of these variables indicated a deteriorating health
status. To ensurethat only severely deteriorating health problems
were captured, we only considered patients to be endangered if
they had multiple problems. We therefore created a variable
indicating the number of problems present, with valuesranging
from 0 to 6 (Multimedia Appendix 7). More than half of the
sample presented with at |east one deteriorated health condition.
However, only a small fraction of the older adult patients had
4 or more deteriorated health conditions at discharge.

Mobility cluster
s Moving
s Changing position
s Altered gait speed

Cognitive status cluster
s Perception/Alertness
s Orientation (person, time, and place)
s Ability to learn
s Skills for activities of daily living

e Attention

Activities of daily living cluster
s Upper-body care
s TLower-body care
s Upper-body dressing and undressing
e Tower-body dressing and undressing
s Eating-related movements
s Drinking-related movements
e Micturition-related movements

e Defecation-related movements

Medicine prescription cluster
s Anatomical Therapeutic Chemical

(ATC) classification (see Table 5)

Health impairment cluster
s Hearing
e Vision
s Verbal expression
s Pain intensity
s Chronic pain
e Falls

e Exhaustion

Medical diagnosis and comorbidities
(ICD-10) cluster

s Principal diagnosis

s Secondary diagnosis 1

s Secondary diagnosis 2

s Secondary diagnosis 3

e Secondary diagnosis 4

Surgical intervention (CHOP) cluster
s Principal intervention
e CHOP intervention 1
s CHOP intervention 2
s CHOP intervention 3

e CHOP intervention 4

Cognitive Data Cluster

Overview

The cognitive data cluster (green textbox in Figure 1) was
composed of 5 variablesindicating cognitive statuslevel (Table
1). Aswith many other variablesin the total data set, cognitive
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data were considered nominal because they each had a small
number of modalities. Thefirst 400 observationsin the data set
were excluded from the cognitive status analysis because they
contained only missing values and were excluded from other
analyses for the same reason. These missing values were
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explained by the fact that new data variables were introduced
into the hospital register during the first semester of 2015.

Cognitive Status Clustering

The R ClustOfVar package was used to perform a hierarchical
clustering of the cognitive health variables to investigate any
possible relationships and the presence of subclusters within
these variables. The results did not suggest any clear
interpretable structure within the variables included, as
illustrated by the dendrogram (Figure 2). They indicated that
only single-variable clusters (singletons) could be separated,
one at a time, to form separate and not very distinct clusters.
This information failed to provide any useful solution to our
problem because it makes no sense to cluster individuals using
a single variable. This result, combined with the small total
number of 5 other data set clusters, led usto the conclusion that
the 6 data set clustersillustrating different cognitive conditions
should be considered together in the same clustering algorithm.

Multiple correspondence analysiswas used to cluster individuals
according to their cognitive status because all the variableswere
categorical. Even though the first 2 principal components do
not explain much of the data (5310/20,422, 26.00%), we were
able to discern the 4 most discriminant variables for clustering
(and the importance of their categories). For further analysis,

Figure 2. Dendrogram of cognitive status variables.

Taushanov et al

we selected numerous principal components (n=9) because of
their relatively low explanatory power (65% of the variance).
We found multiple different clustering partitions with respect
to the number of clusters. Some groups and featureswere found
systematically in al the partitions. This enabled usto make the
following generalizations about the results, regardless of the
number of clusters:

- Themajority of observationsindicated that cognitive status
was not altered at the time of the assessment. We found a
good solution and form in every cluster, including the
largest cluster.

«  Whenincreasing the number of clusters, observationswith
average or poor cognitive status were split and nuanced.

«  One group of individuals with mainly missing values was
excluded from the analysis.

The optimal number of clusters was determined using the
silhouette statistic (Figure 3). For each number of clusters, this
statistic measures how similar each observation is to its own
cluster in comparison to all other clusters, that is, the extent to
which observations are grouped together. The resultsindicated
that the 3-cluster solution would be the most appropriate in
terms of within- and between-cluster distances. However, a
partition using 2 clusters provided greater simplicity and also
had a statistically sustainable silhouette value.

Cluster Dendrogram
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Figure 3. Silhouette statistics for choosing the optimal number of clusters: the two- or four-cluster solutions were suggested.
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Two-Cluster Solution

Hierarchical clustering using 2 classes created adominant group
of 18,339/20,422 (89.80%) older inpatients with full cognitive
ability and asmaller group of 2083/20,422 (10.20%) inpatients
with cognitive impairment. The 2-cluster solution was
differently distributed over the 5 variables and according to the
type of diagnoses (ICD-10; Table 1), and it was highly
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RenderX

significant (P<.001). Two other variables (number of
medications prescribed and primary diagnosis) were added to
the analysis for experimental purposes but were not included
in the clustering model. A difference was observed in the
average number of medications prescribed (9.63 vs 10.47;
P<.001) between groups, and the primary diagnosis also
appeared to be different (0.10 vs 0.08; P<.001; Table 1).
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Table 1. Distribution of individualsin each group for all 5 cognitive status variables in the 2-cluster solution (N=20,422).

Cognitive status variables Cognitive status
Full ability Cogpnitive impairment

Per ception/Alertness @

Alert 1.00 0.85

Drowsy 0.00 0.13

Stupor 0.00 0.01

Coma 0.00 0.01

NAP — _

Distribution, n (%) 18,318 (89.70) 2083 (10.20)
Orientation?

Full ability 0.91 0.11

3 abilities 0.08 0.24

1-2 abilities 0.01 0.40

Inability 0.00 0.20

NA 0.00 0.06

Distribution, n (%) 18,319 (89.70) 2083 (10.20)
Ability to learn?

Full ability 0.81 0.02

Slightly reduced 0.18 0.10

Severely reduced 0.02 0.67

Inability 0.00 0.21

NA — —

Distribution, n (%) 18,319 (89.70) 2083 (10.20)
Activities of daily living?

Full ability 0.83 0.03

Slightly reduced 0.15 0.16

Severely reduced 0.02 0.66

Inability 0.00 0.13

NA 0.00 0.01

Distribution, n (%) 18,319 (89.70) 2083 (10.20)
Attention

Unaffected 0.98 0.36

Reduced 0.02 0.63

NA 0.00 0.01

Distribution, n (%) 18,319 (89.70) 2083 (10.20)
Number of medicines?

Average number 9.63 10.47
| CD-10° main diagnoses®

Systems 052 0.54

Mental 0.10 0.08

Cancers 0.01 0.01

https://medinform.jmir.org/2021/5/€24205

RenderX

JMIR Med Inform 2021 | vol. 9| iss. 5| €24205 | p. 9
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Taushanov et &

Cognitive status variables Cognitive status
Full ability Cogpnitive impairment
Other 0.37 0.37
NA — —
Distribution, n (%) 18,339 (89.80) 2083 (10.20)

8/ariables significantly different among clusters ()(2 testsand t tests, P<.01). Each line represents 1 cluster and adds up to 1 (100%).

PNA: not available.

€ICD-10: 10th revision of the International Statistical Classification of Diseases and Related Health Problems.

. cognitive health, 4290/20,422 (21.01%) with mild cognitive
Three-Cluster Solution impairment, and 415/20,422 (2.03%) with severe cognitive

Hierarchical clustering using 3 classes created groups of  impairment. The 3-cluster solution’s results were similar to
15,717/20,422 (76.96%) polymedicated older inpatientsin full  those of the 2-cluster solution (Table 2).
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Table 2. Distribution of individualsin each group for all 5 cognitive status variables in the 3-cluster solution (N=20,422).

Cognitive status variables Cognitive status
Full ability Mild cognitive impairment Severe cognitive impairment
Per ception/Alertness®
Alert 1.00 0.93 0.61
Drowsy 0.00 0.07 0.29
Stupor 0.00 0.07 0.06
Coma 0.00 0 0.04
NAP — — _
Distribution, n (%) 17,855 (87.43) 2166 (10.61) 380 (1.86)
Orientation?
Full ability 0.94 0.10 0.03
3 abilities 0.06 0.39 0.05
1-2 abilities 0.00 0.41 0.12
Inability 0.00 0.08 0.62
NA 0.00 0.02 0.18
Distribution, n (%) 17,856 (87.44) 2166 (10.61) 380 (1.86)
Ability to learn?
Full ability 0.83 0.03 0.01
Slightly reduced 0.17 0.23 0.03
Severely reduced 0.01 0.70 0.09
Inability 0.00 0.05 0.87
NA
Distribution, n (%) 17,856 (87.44) 2166 (10.61) 380 (1.86)
Activities of daily living?
Full ability 0.85 0.06 0.01
Slightly reduced 0.13 0.29 0.02
Severely reduced 0.02 0.63 0.32
Inability 0.00 0.02 0.62
NA 0.00 0.00 0.03
Distribution, n (%) 17,856 (87.44) 2166 (10.61) 380 (1.86)
Attention?
Unaffected 0.99 0.49 011
Reduced 0.01 0.51 0.84
NA 0.00 0.00 0.04
Distribution, n (%) 17,856 (87.44) 2166 (10.61) 380 (1.86)
Number of medicines?
Average number 9.62 10.43 10.35
| CD-10° main diagnoses®
Systems 0.52 0.54 0.57
Mental 0.10 0.07 0.09
Cancers 0.01 0.01 0.00
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