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Abstract—The paper explores the effectiveness of automated
clustering in personalized applications based on data characteris-
tics. It evaluates three clustering algorithms with various cluster
numbers and subsets of characteristics. The study compares the
accuracy of models in different clusters against original results
and examines the algorithmic approaches and characteristic
selections for optimal clustering performance. The research
concludes that the proposed method aids in selecting appropriate
clustering strategies and relevant characteristics for datasets.

Index Terms—machine learning, personalization, clustering,
data characteristics

I. INTRODUCTION

In healthcare, Human Digital Twin (HDT) systems can
be used, for example, in proactive disease diagnosis, per-
sonalized treatment, preparatory surgery, vaccine development
and personalized preventive care [1]. Personalized treatment
and preventive care applications pose specific challenges in
data processing and model generation. In [2, 3] an example
of this type of preventive care application is proposed and
results are presented that illustrate one of these challenges,
namely the cost of personalization. The application proposed
in these works aims to provide personalized coaching for
participants to achieve their daily activity goals, using step data
collected through wearable devices, combined with personal
and contextual information.

The activity data collected are used to calculate both in-
dividual and general classification models, which predict the
likelihood of achieving the daily step goal for each day. The
data set consists of several months of step data collected for
43 participants who participated in the Hanze health program.
Each row contains the participant identifier, the date, the week-
day, the hour, the number of steps in this hour (sum steps)
and the cumulative number of steps on this day up to this hour
(sum steps hour). Eight different classification models were
used, and each model was fitted with a range of possible values
for the relevant hyperparameters belonging to the classifier.

The results in [3] show that four classifiers consistently
achieved the highest accuracy, namely Ada Boost (ADA),
Decision Tree (DTR), Logistic Regression (LR), and Random
Forest (RF). For individual models RF was the most dominant
classifier, with an average accuracy of 93%. In contrast,
for the generalized model, the ADA algorithm provided the
best classifier, with an average accuracy of 78%, showing
that generating a classification model based on the entire
dataset, rather than using individual data sets for personalized
models, does not result in the selection of the same optimal
classification algorithm. Furthermore, individual models show
significantly higher accuracy. In personalized applications,
models must be updated on a regular basis to compensate
for drift and participant adaptation to the program. Creating
personalized models requires significantly more resources than
generalized models, which can be a challenge to the feasibility
of a personalized HDT application.

In [4] we presented an approach to solve this problem,
namely, using clustering based on the characteristics of the
features of the data set to reduce the time required to generate
classification models. Taking three basic characteristics of the
activity data features of the dataset, a clustering was defined.
The results show that a significant decrease in the fitting time
can be achieved using models based on this clustering, without
resulting in a significant loss of accuracy.

Taking into account the work presented in [2, 4], in the
present paper, we propose a different clustering method. The
first goal is to investigate the possibility of automating the
clustering process and to gain understanding of what makes the
clustering successful. Secondly, by taking an approach similar
to the one presented in [5] we aim to extract useful information
from the characteristics of the data set.

The remainder of the paper is organized as follows. First,
in Section II the proposed method is explained. Next, in
Section III, the results are presented. In Section IV the
conclusions that can be drawn from the results are discussed



and suggestions for further research are given.

II. METHODOLOGY

The following steps have been taken in this research to
investigate the feasibility of automated clustering.

A) Define the ground-truth clustering.
B) Identify characteristics of the data set.
C) Perform clustering and evaluate cluster quality.
D) Use selected clusters to fit the classifiers.
E) Evaluate the results of the fitting and cluster settings.

A. Define the ground-truth clustering

Since clustering is an unsupervised machine learning tech-
nique, metrics such as accuracy and precision cannot be used.
To evaluate the results of clustering extrinsic or intrinsic
methods [6] are available. To be able to apply extrinsic
methods, a ground-truth needs to be known, which can be
used to evaluate the resulting clustering. In [4] clustering was
explored based on the value of the n estimators parameter
of the RF classifier. In the original work [2], four groups with
different settings for this parameter were found. The premise
of this study and the work we presented in [4], is that the data
characteristics contain information that can be used to define a
clustering that corresponds to the preferred classifier selection
and settings. Therefore, the ground-truth is defined by using
the results for the value of the parameter n estimator to
group the participants. To evaluate the generated clusters, the
Rand index is used to measure the similarity between the
original grouping and the generated clusters. The Rand index
gives a value between 0 and 1, where 1 indicates perfect
similarity.

B. Identify characteristics of the data set

As described in Section I the columns of this data set are
the participant identifier, the hour, the weekday, the number
of steps in the hour and the cumulative number of steps
up to this hour. There are three types of characteristics that
can be extracted from the features of the datasets: Statistical
measures that can be calculated on the columns of the dataset,
correlation measures between different columns, and metrics
of the data set as a whole.

For statistical measures, the average value, the standard
deviation, the variance, the coefficient of variation, and the
sparsity, the number of hours without activity, of the column
values are calculated. These five statistical measures are calcu-
lated for the sum steps and the sum steps hour columns.
For correlation measures, the Pearson correlation coefficient
was calculated for the combination of sum steps and hour,
and the combination of sum step hour and hour. These two
metrics can provide information on the activity pattern of the
participant. The last group of characteristics consists of the
number of observations, the average number of steps at 6 pm.,
the size of the train set, and the class balance. These three
groups provide a total of 16 characteristics.

C. Perform clustering and evaluate clustering quality

Given the purpose of the clustering and the fact that
no preliminary data was collected on the data set used,
three approaches, using different clustering techniques [7],
were selected, namely K-Means (KMEANS), Agglomerative
(AGGLCL) and Spectral (SPECCL) clustering. Based on the
observation that the original grouping showed at least four
possible clusters, each algorithm used was set to produce
four, five, seven, eight, or nine clusters, giving a total of
15 different algorithm settings. These 15 settings were then
used to produce clusters based on all possible selections of
characteristics, using the 16 different characteristics calculated
for the dataset.

D. Use selected clusters to fit the classifiers

For each algorithm setting, the clusters that result in the
highest Rand index are used to generate a fitted model using a
cross-validated grid search. In this step, the optimal settings for
a given classifier algorithm are determined given a selection
of possible values for the hyperparameters of the classifier. In
this process, the RF classifier is used, as well as the ADA,
LR, and DTR classifiers. These are included to be able to
evaluate whether or not clustering leads to clusters that are
more suited for the models that scored best when using the
generalized model.

The fitted classifiers per cluster are used to predict whether
or not the daily step goal will be achieved. The accuracy is
used to measure the performance of each classifier.

E. Evaluate fitting results and cluster settings

The purpose of the evaluation is three-fold. First, the results
are used to evaluate the usability of automated clustering in
personalized applications. Secondly, the selected characteris-
tics for the clustering are evaluated. Finally, the clustering
techniques and settings are evaluated. To achieve these goals,
the resulting accuracy of the fitted models per cluster is com-
pared to the original results, the results of different clustering
approaches are compared, and the selection of characteristics
used in the best performing clusterings is evaluated.

III. RESULTS

A. Cluster quality evaluation

The results of the first two steps of the process are already
given in Section II. In the third step of the process, all possible
combinations of the 16 characteristics were used to generate
clusters for the 15 different combinations of algorithms and
number of clusters. For each group of clusters, the Rand index
is calculated. In Table I range of the Rand indices for each
clustering technique and the number of clusters generated per
group are given.

In general, the results show that, even though the differences
are small, a higher number of clusters results in a higher
Rand index. In addition, comparing the results for the three
algorithms, two aspects can be observed. First, the best cluster
groups for the SPECCL algorithm have significantly higher
Rand index for all numbers of clusters than the other two



TABLE I
RANGE OF RAND INDICES FOR THE GENERATED CLUSTERS PER

CLUSTERING TECHNIQUE

Nr. of AGGLCL KMEANS SPECCL
clusters Rand Index Rand Index Rand Index

4 0.43-0.65 0.50-0.64 0.24-0.72
5 0.50-0.67 0.55-0.67 0.24-0.72
7 0.61-0.70 0.62-0.70 0.24-0.73
8 0.62-0.71 0.63-0.70 0.24-0.74
9 0.62-0.72 0.65-0.72 0.24-0.76

algorithms. Second, the difference between the minimum and
maximum values for the SPECCL algorithm is also much
greater. These two observations indicate that this algorithm
is more sensitive to the choice of characteristics, which makes
it more suitable for identifying the clustering that determines
the partition of the data set that gives rise to different values
for the n estimators hyperparameter.

In Table II the number of cluster groups that had the highest
value of the Rand index is presented for each of the 15 possible
combinations of the clustering technique and the number of
clusters to be generated. These cluster groups were selected
for further processing.

TABLE II
NUMBER OF CLUSTER GROUPS WITH THE HIGHEST RAND INDEX PER

COMBINATION OF TECHNIQUE AND NUMBER OF CLUSTERS

Nr. of AGGLCL KMEANS SPECCL
clusters clusterings Clusterings Clusterings

4 1 7 1
5 4 4 2
7 16 4 1
8 8 8 1
9 8 1 1

The results show that in most cases the highest scoring clus-
ter group generated using the SPECCL algorithm is unique,
whereas for the other algorithms several cluster groups achieve
the maximum score. This seems to confirm the assumption
that this algorithm is more sensitive to identify the optimal
clustering.

B. Classification performance evaluation

In step three of the process, the 67 cluster groups with 4, 5,
7, 8 or 9 clusters, referred to in Table II, are selected. For each
cluster group, the four classifiers, RF, ADA, DTR and LR, are
fitted separately for all 459 underlying clusters. To evaluate
whether the clustering process produces acceptable results for
all clusters within a cluster group, the results of all clusters
within each cluster group must be considered.

The first way to evaluate the results is to look at the
cluster groups with the highest overall accuracy for one of the
underlying clusters. In Table III these clustering groups, with
the highest and lowest accuracy of the underlying clusters, and
the average accuracy over the clusters, are presented.

As can be seen from these results, the cluster groups with
more clusters generally achieve a higher maximum. However,
if we look at the cluster groups that have the best minimum
accuracy for all underlying clusters, as given in Table IV we
see that the cluster groups with only four clusters give better
results.

TABLE III
BEST SCORING CLUSTER GROUPS BASED ON MAXIMUM ACCURACY OF

THE CLASSIFICATION RESULTS OF THE UNDERLYING CLUSTERS

Clustering Number of Maximum Weighted Minimum
method Clusters accuracy average accuracy

KMEANS 9 0.98 0.93 0.89
AGGLCL 8 0.98 0.93 0.87
AGGLCL 8 0.98 0.93 0.88
AGGLCL 8 0.98 0.93 0.88
AGGLCL 8 0.98 0.93 0.88
AGGLCL 8 0.98 0.93 0.88
AGGLCL 8 0.98 0.93 0.88
KMEANS 7 0.98 0.92 0.88

TABLE IV
CLUSTER GROUPS WITH THE HIGHEST MINIMUM ACCURACY FOR

CLASSIFICATION PER CLUSTER

Clustering Number of Minimum Weighted Maximum
method clusters accuracy average average

SPECCL 5 0.91 0.92 0.96
SPECCL 7 0.91 0.92 0.93
SPECCL 5 0.91 0.92 0.93
SPECCL 4 0.91 0.92 0.93
AGGLCL 4 0.91 0.92 0.93
KMEANS 4 0.91 0.92 0.92
KMEANS 4 0.91 0.92 0.92
KMEANS 4 0.91 0.92 0.92

The fact that the maximum accuracy is higher for cluster
groups with a larger number of clusters can be explained by the
fact that only 43 samples were available. The highest accuracy
is achieved for very small clusters, resulting in overfitting.
Considering all clusters within each cluster group, we can
conclude that taking the minimum accuracy to evaluate the
clustering provides a more reliable measure. To further explore
these results in Table V the metrics of the different cluster
groups are presented per generating algorithm. As can be seen
from these results, the SPECCL algorithm has slightly lower
maximum results but also has a more stable performance over
the different clusters.

TABLE V
ACCURACY RESULTS OF CLASSIFICATION MODELS FOR THE RESULTING

CLUSTERS PER CLUSTERING METHOD

Clustering Weighted Maximum Spread
method average average

AGGLCL 0.92 0.98 0.08
KMEANS 0.92 0.98 0.06
SPECCL 0.92 0.96 0.03

The last bit of information that can be retrieved from the
clustering process concerns the characteristics that have been
used to define the clusters. Table VI shows the characteristics
that appear most often for the clustering groups presented
in Table IV. Although the characteristics used in the process
described in [4], the averages of the sum steps, and sum steps
hour, combined with the coefficient of variation of sum step
hour, appear, they do not dominate the list. In contrast, it is
interesting to note that the Pearson correlation coefficient is
used in almost all cases.

C. Classifiers performance per cluster

The results of the classifiers in all clusters are given in
Table VII. In this table, the average accuracy for all clusters,



TABLE VI
NUMBER OF TIMES THE CHARACTERISTICS WERE USED FOR GENERATING

THE OPTIMAL CLUSTERING GROUPS

Characteristic Number of appearances
Pearson correlation hour sum steps hour 10
sparsity hour sum steps 8
coefficient of variation sum steps 5
Pearson correlation hour sum steps 4
average number of steps at 6 pm. 4
variance sum steps hour 3
standard deviation sum steps hour 3
class balance 3
average sum steps 2
variance sum steps 2

the maximum accuracy attained in a single cluster, the average
of the difference between the maximum and minimum average
within one group of clusters and the best minimum cluster
accuracy of all cluster groups are given.

TABLE VII
CLASSIFIER PERFORMANCE FOR ALL CLASSIFIERS PER CLUSTER

Classifier Average Maximum Spread Best minimum 1st

accuracy accuracy accuracy rank
ADA 0.79 0.95 0.22 0.76
DTR 0.79 0.95 0.20 0.77 1
LR 0.80 0.95 0.21 0.77
RF 0.92 0.98 0.07 0.91 458

These results show that the RF classifier gives the best
results, having a significantly higher average accuracy and
consistency over the clusters within a cluster group. The
maximum accuracy of the RF classifier is also higher than that
of the other three, but the difference is much less significant
for this metric. The last column in Table VII gives the number
of times the classifier gave the best result on all clusters. These
results show that in one case the DTR classifier performs
the best, indicating that using the DTR classifier for this
cluster instead of the RF classifier would improve the weighted
average. Showing the feasibility of mixed classifier use.

IV. DISCUSSION AND CONCLUSIONS

The results presented in Tables IV and V indicate that the
SPECCL algorithm is the algorithm most suitable for use with
the given data set. The resulting cluster grouping can achieve
a high average accuracy, but is also stable over all the clusters
within the group. Table I also confirms that this algorithm
is most responsive to the observed groupings in the original
results. The optimal number of clusters to be used with this
algorithm, is found to be five. Taking into account that the
clustering was based on a small number of characteristics sets,
one for each of the 43 participants, further research, with a
larger sample size, is needed to be able to draw a more definite
conclusion on the optimal number of clusters for the given
problem.

Table VI shows that although the characteristics used in the
original research do appear, much more information is drawn
from the Pearson correlation coefficients. This metric provides
information on the activity pattern of participants throughout
the day. The second interesting observation that can be made is
the fact that the sparsity of the sum steps feature is often used.

This characteristic gives a measure of the number of periods
of inactivity the participant has per day. These findings can be
a starting point for further research into determining coaching
approaches within the application.

In conclusion, we can say that the proposed method provides
useful insight in the clustering approach to be taken on the
given data set. The optimal algorithm and its number of clus-
ters are determined, together with the characteristics to be used
for the clustering. In practice, the resulting clustering based
on characteristics can be used to assign classification models
to be used for participants. This could serve as a solution
to the cold start problem encountered in using classification
for coaching applications, but also to detect model drift for
individual participants. Furthermore, the characteristics used
for the clustering could also provide relevant information for
the coaching approach applied to the participant.
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