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Abstract. Insufficient physical activity presents a significant hazard
to overall health, with sedentary lifestyles linked to a variety of health
issues. Monitoring physical activity levels allows the recognition of pat-
terns of sedentary behavior and the provision of coaching to meet the rec-
ommended physical activity standards. In this paper, we aim to address
the problem of reducing the time consuming process of fitting classi-
fiers when generating personalized models for a coaching application.
The proposed approach consists of evaluating the effects of clustering
participants based on their walking patterns and then recommending a
unique model for each group. Each model consists of a random forest
classifier with a different number of estimators each. The resulting app-
roach reduces the fitting time considerably while keeping nearly the same
classification performance as personalized models.

Keywords: Personalized coaching · sedentary lifestyle · fitting time
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1 Introduction

Insufficient physical activity poses a significant risk to health and well-being.
Sedentary lifestyles are associated with a variety of health problems, such as
heart disease, cancer, stroke, and diabetes [1–3]. Through the use of wearable
devices, such as smartwatches, it has become easier to gain insight into actual
physical activity levels. Monitoring physical activity levels allows individuals to
identify patterns of sedentary behavior and assess whether they meet the recom-
mended activity guidelines. Furthermore, by tracking activity levels, individuals
would be able to take proactive steps to mitigate potential health risks and make
the necessary adjustments to incorporate more movement into their daily rou-
tines [4,5]. In addition to its physical benefits, monitoring physical activity also
supports mental health and cognitive function. Regular exercise has been shown
to alleviate symptoms of depression and anxiety, improve mood, and improve
cognitive abilities, such as memory and concentration [6–8].
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In recent years, there has been a large number of innovations in the field of
personalization and individualization in healthcare and coaching applications.
In [9] an overview of physical activity coaching applications can be found, and
in [10] a review of behavior-changing therapy and rehabilitation applications is
presented. A more specific example of an application that uses wearable devices
to monitor physical activity can be found in the works of Dijkhuis et al.[11,12].
The authors propose the use of a machine learning-based procedure to train a
digital activity coach that can provide information on daily fitness of a person.
Specifically, the digital coach will monitor the probabilities throughout the day
of the likelihood that the user will reach their goal of physical activity.

The paper [11] evaluates the performance of eight different machine learning
algorithms and finds that tree algorithms and tree-based ensemble algorithms
are the most promising for training a digital activity coach with personalized
models. The results presented in the paper show a significant improvement in
performance when one model is fitted per participant instead of using generalized
models for the entire group (the approach also suggested in [13]).

Further improvements are expected to be obtained by generating more mod-
els that are fitted to specific sections of the data. However, as noted by the
authors, “it is problematic to provide a generalized recommendation for specific
algorithms, parameters, or parameter settings”. The problem could be solved by
“investigating the underlying mechanisms to be able to choose the best algorithm
beforehand”. However, fitting one model per person is too resource consuming.
That is why in this paper we approach the problem differently. First, we per-
form clustering on the participants based on the hypothesis that people inside a
cluster share similar patterns, and we fit only one model per cluster. When these
insights are obtained, algorithm selection and model fitting can be optimized.
The remainder of this paper is organized as follows; first, in Sect. 2, we present
an overview of the relevant results and data used in [11], and explain the result
we want to achieve. In Sect. 3 we present an overview of our approach which
consists of two main parts, clustering and classification. In Sect. 4 we detail the
clustering procedure. In Sect. 5 the classification results are presented. Finally, in
Sect. 6 a discussion of the results is presented.

2 Preliminary Results

In the original study by Dijkhuis et al. [11] the step data of 48 participants
were collected over a period of 33weeks, using Fitbit activity trackers. These
participants were involved in a health program conducted at the Hanze Univer-
sity of Applied Sciences Groningen. Data from 43 of these participants could be
used for the study. These data were used to evaluate the performance achieved
when predicting the probability that the participant will reach the step goal at
6 p.m. each day. To compensate for divergent behavior outside working hours,
only step data collected between 7 a.m. and 6 p.m. on workdays was considered.
Furthermore, to be able to use the data as input for regular machine learning
methods, it was necessary to add the cumulative step count. In this way, instead
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of having to treat each data point as part of a time series, it was possible to use
the data as input for a classification process. The resulting features that were
used to train the different models were weekday, hour, step count per hour, and
cumulative step count up to the given hour.

The open source Scikit-Learn library was used for the study. This pack-
age offers the choice of 41 classifiers. Using the flow chart provided by Scikit-
Learn [14] and a cheat sheet found on the Microsoft Azure Machine Learning
platform [15], a selection of eight classifiers was made; AdaBoost (ADA), Deci-
sion Trees (DT), KNeighborsClassifier (KNN), Logistic Regression (LR), Neural
Networking(NN), Stochastic Gradient Descent (SGD), Random Forest (RF) and
Support Vector Classification (SVC). These classifiers were first used to evaluate
the performance of a generalized model across the entire data set, and subse-
quently a model was generated for each individual participant. In this last step, a
selected set of hyperparameters for each classifier were ‘fitted’ to obtain the best
performing model per participant. The comparison of results showed that the
performance levels were significantly higher when personalized models were used.
The maximum accuracy for the generalized model ranged from 71% to 78%, but
reached 94% when using personalized models (considered data split is 70% for
training and 30% for validation).

As stated in the discussion of the original study, and can also be seen, for
example, in the work of Sarker [16], making general recommendations for classi-
fier selection and hyperparameter settings is problematic. Using the Scikit-Learn
grid search functionality provides a tool to determine optimal parameter set-
tings per classifier. However, when this approach is used for each personalized
model, the fitting times can become very large, depending on the number of
parameters and their range of possible values. Therefore, the objective of this
study is to investigate whether it is possible to improve the fitting times while
maintaining the performance levels of the personalized approach in the original
study. We use the source code of the original research as a baseline for this anal-
ysis, as well as the data set that contains the steps per hour of each participant.
In the proposed solution, we seek to streamline and improve the training pro-
cess by applying clustering of the participants based on the results obtained by
analyzing the walking patterns of the participants and examining the hyperpa-
rameter behavior of each machine learning algorithm used. This analysis should
lead to a recommendation of selected parameter settings per cluster, which will
reduce the fitting time.

3 Description of the Proposed Solution

In Fig. 1 a schematic overview is given of the steps that were taken in the process
to elaborate the proposed solution. Our approach is separated in two parts :
clustering (first four steps in diagram) and classification (last step).

The clustering procedure was decomposed in the following steps :
1. The first step was to perform a thorough analysis of the preliminary results.

The goal of this analysis was to limit the scope of the experimental setup to
focus on one single classifier.
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2. The second step was to formulate a working hypothesis and define the relevant
metrics needed to perform the clustering process.

3. In step three, the available data was analyzed using the metric defined in step
two. The results of this analysis form the input for step four, in which the
clusters were defined.

4. Step four consisted of applying the clustering to the available data.

Fig. 1. Clustering steps.

Finally, the last step consists of performing a specific classification method
for each cluster obtained from the previous steps. All the details are described in
Sect. 5.

4 Clustering Procedure

In this section we describe all the steps that allowed us to partition the data
into clusters, that is, steps 1 to 4 of the diagram in Fig. 1.

4.1 Experimental Setup

Our initial step in this research project was to evaluate the performance of var-
ious machine learning algorithms to identify the candidate most suitable for
optimization. We considered the algorithm performance metrics F1-score, accu-
racy, and the operational performance metric given by the runtime of the fitting
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Fig. 2. Average F1-scores and accuracy per classifier.

procedure, to fully evaluate each algorithm. The results of the algorithm perfor-
mance metrics are shown in Fig. 2. The operational metrics are shown in Fig. 3.

The results of the performance metrics show that the Random Forest and
Decision Tree algorithms have the highest accuracy and F1-score for the mod-
els generated per participant. The proposed solution to cluster participants for
model generation should give a better result than the generalized approach.
Both classifiers also show a significant improvement in performance when the
results of personalized modeling are compared with general modeling, making
them suitable candidates for the experiment.

Fig. 3. Average run time per model of the fitting procedure for each classifier.

For further selection, we next considered the operational performance of
the algorithms. Although the RF algorithm had the highest accuracy and F1-
score for most of the participants, it also demonstrated significant computational
demands, reflected in its extended runtime. On the other hand, the fitting times
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for the DT algorithm were already minimal. Since our objective was to enhance
the model generation efficiency without compromising the algorithm’s predictive
capability, taking these results on performance and computational efficiency into
consideration led us to select Random Forest for further optimization.

Since the fitting time depends on the number of values supplied for each
hyperparameter, the generation efficiency can be further improved by preset-
ting one or several of these values. Taking this into account, the clustering
should focus on finding criteria that group participants with identical values
for the hyperparameter setting. For the Random Forest algorithm, the param-
eters used in the original fitting process are the number of trees in the for-
est (n estimators), the number of features to consider when looking for the
best split (max features), and the function to measure the quality of the split
(criterion). The RF classifier has more parameters [17], but these three were
considered to be the most likely to have a significant impact on the performance
of the resulting model in the context of the original study.

4.2 Theoretical Context Setup

The preliminary clustering approach came from the hypothesis that the greater
variability in the distribution of the features of the data set may correlate with
higher optimal hyperparameter values for the Random Forest Algorithm, espe-
cially n estimators. The logic underpinning this hypothesis is that a higher
day-to-day step count variability might necessitate more estimators to accurately
capture fluctuations, thereby reducing model variance and enhancing robustness.
Tailoring an n estimators value for each cluster would allow for a model that
adapts to the characteristics of each group, with the aim of reducing over-fitting
in low-variability clusters and enhancing robustness in high-variability clusters.
To be able to focus on the evaluation of the impact of the characteristics of
the data set on the algorithm performance, this approach was taken instead of
using more traditional clustering approaches.

The features of the original data set consist of weekday, hour, step count
per hour, and cumulative step count. Since weekday and hour should not show
any relevant differences per participant, we have to look at the other two fea-
tures. To investigate the relationship between participant step count variability
and optimal n estimators value, variability was quantified using the following
methodology.

– Data aggregation by interval: For each participant, steps were aggregated
to calculate the average sum steps per hour. The average cumulative sum
steps up to each hour was also calculated. Data for the step count for each
participant were taken from the training set used in the fitting process.

– Standard Deviation (SD): The standard deviation of the sum steps per hour
was calculated. This metric quantifies the degree of variation from the average
step count within each hour, providing insight into the consistency of the level
of activity of the participants. The standard deviation of the cumulative steps
for each hour was also calculated.



Optimizing Algorithm Selection 357

– Coefficient of Variation (CV): To facilitate a normalized comparison of vari-
ability that accounts for differences in average activity levels among par-
ticipants, the coefficient of variation is calculated. This value is calculated
by dividing the standard deviation of the aggregated sum by the average
step count for the respective interval. The CV provides a relative measure of
variability, allowing for an understanding of fluctuation in activity levels in
proportion to the mean steps.

– Hyperparameter values: The values of n estimators of the personalized mod-
els generated in the original study were used. These models were fitted with
possible values 10, 50, 100, or 500 for this parameter.

In Fig. 4 the averages calculated over the aggregated values, cumulative step
counts and the coefficient of variation are plotted against the corresponding
n estimators value. The results of the variability measures and averages for
each participant were compared to the optimal n estimators values designated
for their respective RF models. The analysis revealed a consistent trend between
the variability indicators, highlighting a correlation in which the increase in the
variability in step counts was correlated with a preference for higher optimal
n estimators values. The increase in the average step count was also correlated
with a preference for higher optimal n estimators values. Moreover, those with
both higher average step counts and notable variability tend to require a higher
number of trees to effectively model their data.

Optimal n estimators values correlated most closely with the average step
count per hour. Average cumulative sum steps per hour showed a weaker positive
correlation with n estimators. The correlation coefficient of the average cumula-
tive sum steps per hour showed a weaker negative correlation with n estimators.
When compared to the correlation between average step count per hour and opti-
mal n estimators values, participants with an unexpectedly high n estimators
were often associated with a low correlation of average cumulative sum steps per
hour or high average cumulative sum steps per hour.

4.3 Clustering Definition

On the basis of these observations, the following approach for the clustering
process was defined. The first step in constructing a structured framework for
selecting the value of the n estimators parameter in Random Forest models is
determined by the participant step count data. Therefore, the initial step in
the selection process is partitioning based on Average Sum Steps. Then adjust-
ments are made according to Average Cumulative Sum Steps per Hour and
CV Average Cumulative Sum Steps per Hour.

In the analysis of the relationship between similar ranges in participant aver-
age steps per hour and the value of n estimators three clusters were determined,
each with a specified value of n estimators of 50, 100, or 500. This classification
is shown in Table 1.
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Fig. 4. Variability Metrics by n estimators. (a) Average sum steps.(b) Average cumu-
lative sum steps. (c) Hour coefficient of variation.

Further refinement of the setting of n estimators is carried out based on the
Average Cumulative Sum Steps per Hour and the CV Average Cumulative
Sum Steps per Hour. Adjustments are only applied to the first two groups and
considering the upper limit for the increment of n estimators.
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Table 1. Initial partitioning based on average sum steps.

Average Sum Steps value n estimators value

Up to 657.048 50

Between 657.048 and 808.093 100

Above 808.093 500

For the first cluster of participants with steps up to 657.048 that were initially
assigned a value of 50 to n estimators, an increase to 100 is applied if both of
the following criteria are satisfied:

– Average Cumulative Sum Steps per Hour ≥ 4569.44
and

– CV Average Cumulative Sum Steps per Hour ≤ 0.788.

This adjustment is based on the assumption that increasing n estimators is
justified by the increase in activity levels, provided the variability remains within
a reasonable range.

For the second cluster, with steps ranging from 657.048 to 808.093, the initial
recommendation of 100 n estimators is maintained unless activity and variabil-
ity metrics meet the following criteria:

– Average Cumulative Sum Steps per Hour ≥ 5000
and

– CV Average Cumulative Sum Steps per Hour ≤ 0.829.

In this case an elevation to a value of 500 for n estimators is applied. This is
aimed at accommodating significantly elevated activity levels while ensuring that
variability is sufficiently managed to optimize the model’s performance.

4.4 Resulting Clusters

With the clustering framework in place, a data frame was created for each of the
three clusters. Each data frame was composed by collecting training data from
the original personalized fitting run of the participants in each specific cluster.
Figure 5 shows the number of participants in each cluster. From left to right,
there are 9 participants in the first cluster (n estimators = 50), 23 in the second
cluster (n estimators = 100), and 11 in the third cluster (n estimators = 500).
Therefore, each group has at least 20% of the total number of participants in the
experiment.
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Fig. 5. The number of participants in each cluster.

5 Classification Results

The RF classifier fitting process was executed with a unique n estimators value
for each data frame, and several performance metrics (i.e., accuracy, F1-score,
fitting time) were evaluated, comparing them to the original results of Dijkhuis
et al. [11]. As in the original research, five-fold cross-validation was applied.

5.1 Performance Evaluation : Accuracy and F1 Score

Figure 6a and Fig. 6b show the total average accuracy and F1 score results of the
original personalized run and the run using our clustering framework. Specifi-
cally, “with clustering” indicates the results obtained when one model was gener-
ated per clustered group of participants, using the specific n estimators value
for that cluster. “Without clustering” represents the original results obtained
using a personalized model per participant. The results show that Total aver-
age accuracy was extremely similar between the clustering and no clustering
trials. However, the clustering trial performed better than the no clustering trial
in regards to total average F1-score. This indicates that on a global scale, the
clustering method does not adversely affect the performance of the Algorithm.

Fig. 6. Total average performance for all participants. (a) Accuracy. (b)F1-score.
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Figure 7a and Fig. 7b illustrate the accuracy and F1-performance for each
cluster. This view provides a more in-depth analysys of the Random Forest
algorithm’s performance within each cluster. Accuracy is around the same for
all of the clusters, with the lowest accuracy being 0.912683 (n estimators = 50)
and the highest accuracy being 0.915141 (n estimators = 500). Like accuracy,
F1-scores were about the same for all of the clusters, with the lowest F1-score
being 0.938219 (n estimators = 50) and the highest F1-score being 0.941708
(n estimators = 500).

Fig. 7. Per cluster average performance. (a) Accuracy. (b)F1-score.

5.2 Fitting Time

As expected clustering led to a substantial decrease in total fitting time, as can be
seen in Fig. 8a. Without clustering, total fitting time was 42.37min, while with
clustering, total fitting time was 5.70min. Thus, clustering led to an 86.55%
decrease in total fitting time, which is a highly significant optimization that will
greatly reduce overall computational time.

Looking at fitting time per cluster, presented in Fig. 8b, there is a positive
correlation between the number of n estimators and the amount of the fitting
time. This is to be expected since the resulting model is more complex. Therefore,
there is a trade-off between performance and computational cost that must be
taken into account when determining the n estimators value for each cluster.

Fig. 8. Fitting times. (a) Totals. (b)Time per cluster.
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6 Conslusions and Discussion

As shown in the results, the total accuracy and total F1-scores were about the
same or better with than without clustering. This proves that clustering the data
by walking variability does not lead to detriments in the performance of the RF
algorithm, and instead leads to equally reliable predictions. Total fitting time,
though, was significantly reduced by clustering. This is a particularly significant
result, since RF was the most computationally expensive algorithm out of all
the machine learning algorithms initially considered in [11]. Thus, decreasing
fitting time while maintaining RF’s high accuracy and F1-scores, through using
preselected hyperparameters based on the characteristics of the dataset, would
significantly improve the practicality of using machine learning algorithms in a
digital physical activity coach.

Several considerations were taken into account to accommodate the size of
the available data. For example, at all times the same random seed was used
to ensure that the used selections were identical. Furthermore, the clustering
train set was constructed using the train sets generated in the personalized run,
instead of generating a new train set using all the data per cluster.
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