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Abstract—In the rapidly evolving field of Machine Learning ,
selecting the most appropriate model for a given dataset is crucial.
Understanding the characteristics of a dataset can significantly
influence the outcomes of predictive modeling efforts, making the
study of the properties of the dataset an essential component of
data science. This study investigates the possibilities of using sim-
ulated human data for personalized applications, specifically for
testing clustering approaches. In particular, the study focuses on
the relationship between dataset characteristics and the selection
of the optimal classification model for clusters of datasets. The
results of this study provide critical insights for researchers and
practitioners in machine learning, emphasizing the importance of
dataset characteristics and variability in building and selecting
robust models for diverse data conditions. The use of human
simulation data provide valuable insights but requires further
refinement to capture the full variability of real-world conditions.

Index Terms—machine learning, simulated data, data charac-
teristics, model selection

I. INTRODUCTION

In the rapidly evolving field of Machine Learning (ML),
selecting the most appropriate model for a given dataset is
crucial. Model performance is closely tied to the underly-
ing characteristics of the data, such as distribution, variance
within the features, and dimensionality [1]. Understanding
these characteristics can significantly influence the outcomes
of predictive modelling efforts, making the study of dataset
properties an essential component of data science.

When data is used where the object of study is a human
being and the data contains personal data, such as, for example,
medical data for clinical research or activity data, it is impor-
tant to understand that applying ML techniques to the dataset
as a whole will not have the same results as applying these
techniques to subsets of the data containing the data of a single
individual. The optimal classification model, for example, will

not be the same for both the whole set and the individual
subset, where only the data generated by a single participant
are considered [2]. Therefore, analysis of human datasets’
characteristics should also consider individual subsets. The
results of such an analysis will help improve the applicability
of ML techniques on a personal level, for example, by applying
clustering based on similar characteristics [3].

When working with such human datasets, it can be com-
plicated to collect a large number of samples. In clinical
research, for example, the number of patients who meet the
research criteria can be limited [4], or it can be expensive
and complicated to monitor a sufficiently large group of
participants. In such cases, simulated data could be a solution.
In research and industry, simulated datasets are commonly
used to test and refine models before applying them to real-
world data. However, the degree to which these simulated
datasets accurately represent real-world scenarios is a critical
factor in their utility [5].

Our study aims to investigate the possibilities of using
simulated data when using human datasets for personalized
applications, specifically for testing clustering approaches. The
rest of the paper is organized as follows. In Section II a number
of related works are presented. Next, in Section III, the results
are presented in Section IV and discussed in Section V, and
the final conclusions are presented in Section VI.

II. RELATED WORKS

The exploration of dataset characteristics and their influence
on model selection has been a subject of considerable interest
within machine learning. Several studies have focused on the
impact of dataset characteristics, such as class distribution,
feature relevance, and noise levels, on model performance. For
instance, Sheykhmousa et al. [6] conducted a comprehensive



study on the role of feature distribution in model accuracy,
concluding that models like Random Forest (RF) and Support
Vector Machines (SVM) are particularly sensitive to the dis-
tribution of input features. Similarly, Wang et al. [1] explored
how class imbalance affects the performance of classification
algorithms, highlighting the need for careful preprocessing to
ensure balanced datasets for optimal model performance.

The use of simulated datasets as proxies for real-world
data has been another area of significant research. The work
of Liu and Demosthenes [5] examined the fidelity of simu-
lated datasets in replicating the characteristics of real-world
data. Their findings indicated that while simulated datasets
can be effective in controlled experiments, they often lack
the variability and complexity of real-world data, leading to
discrepancies in model performance. This underscores the
importance of validating model results on original datasets to
ensure their applicability in practical scenarios.

Clustering techniques have been widely used to group
datasets with similar characteristics to study model predictabil-
ity. Ikotun et al. [7] utilized K-means clustering to categorize
datasets and then examined the model performances within
each cluster. Their research suggested that while clustering
can provide insights into which models might perform well on
similar datasets, the predictability of the optimal model is not
guaranteed, as other factors, such as dataset complexity, also
play a crucial role. The work of Van Buren et al. [3] shows that
clustering of individual datasets, based on the characteristics
of the individual subsets can be applied without significant
loss of performance.

III. METHODOLOGY

To investigate the usability of simulated datasets in personal-
ized applications, the dataset used in the personalized coaching
approach presented by Dijkhuis et al. [2] is used as the real-
world data reference. This data set consists of step count data
from 43 participants, collected using wearable devices, which
is used to predict whether the participant who produces these
data will reach the set step goal for the day. The prediction is
made by taking the step count of the past hour, the cumulative
step count up to that hour, the hour, and the weekday as input
for a binary classification.

This research aims to establish whether simulated data can
be used to explore the relationship between the datasets’
characteristics and the selection of the optimal classification
model for a cluster of datasets. The process used to achieve
this goal can be decomposed into the following steps:
A) Data generation;
B) Data characteristics calculation;
C) Classification model selection;
D) Clustering and Predictability Analysis;
E) Evaluation.

A. Data generation

A generator developed in Dijkhuis et al.’s original re-
search[8] was used to generate the simulated data. This
generator takes 16 parameters as input to generate step data

TABLE I
THE 14 CHARACTERISTICS.

ID Description
1 threshold
2 train set size
3 number of observations
4 class balance
5 average sum steps
6 average sum steps hour
7 variance sum steps
8 variance sum steps hour
9 standard deviation sum steps
10 standard deviation sum steps hour
11 Pearson correlation hour sum steps
12 Pearson correlation hour sum steps hour
13 sparsity hour sum steps
14 sparsity hour sum steps hour

with different characteristics for a given period of time. Among
these 16 parameters, only two are relevant for this paper.
The other parameters concern some technical settings, such
as simulation time and settings for the drift patterns and
intervention moments to be used. The latter two groups were
not used because they are not present in the original data.

The two parameters used are movement pattern and move-
ment intensity. The pattern can be set to six different val-
ues; day one, morning two, morning three, afternoon three,
evening two or evening three. Each setting resulting in differ-
ent peak moment(s), morning, around noon or end of the day,
of activity and different number of peaks, one, two or three.
The intensity can be set to three values, high, average and
low, influencing the height and width of the peak moments.

Combining the values of these two parameters results in
18 different settings. The simulator was started ten times for
each possible combination, resulting in 180 datasets for the
simulated data.

B. Data characteristics calculation

For each dataset fourteen values were calculated to describe
its characteristics. The id’s and descriptions of these values
are given in Table I. To establish usability of simulated data,
it is necessary to verify that for each setting of ten datasets the
within-group variability, that is the intra-setting consistency, is
low in comparison to between-groups variability, that is, the
inter-setting variability. Furthermore, by comparing the values
of the simulated data with those of the real-world data, we
can evaluate whether the simulated data resemble the original
data. Characteristics 1,2 and 3 are determined by the technical
settings of the simulator and are therefore not considered to
be key characteristics.

C. Classification model selection

The process to determine the optimal classification model
for each setting consists of determining the optimal hyperpa-
rameter setting from a selection of different models, the fitting,
and then evaluating the performance of the fitted model. Since
the fitting process is time-consuming, we consider only three
different models, the Bayesian Classifier (BAC), K-Nearest



Neighbors (KNN) and Random Forest (RF). These models
were chosen because of their differing algorithms and their
potential to perform well on various types of data sets[9].

The models were trained using a 30% - 70% split for the
train and the test set. The primary metric for evaluating model
performance was accuracy of the classification on the test set,
although other metrics such as precision, recall, and F1-score
were also collected to validate the results.

D. Clustering and Predictability Analysis

To explore the relationship between dataset characteristics
and model performance, K-means clustering was applied to
obtain clusters of datasets with similar characteristics. Within
each cluster the optimal model is determined for the individual
datasets, to evaluate if the given characteristics set tends to
favor a specific model.

E. Evaluation

The final step of the process involves analyzing the results
obtained from steps 2 to 4. The following points should be
evaluated.

• Usability of the data generated by the simulator. For the
simulated data to be useful, there should be intra-setting
consistency and inter-setting variability, and resemblance
of the simulated data to the real-world data.

• Optimal Model Identification: The distribution of optimal
models across different datasets and settings was analyzed
to identify patterns or trends.

• Clustering and Predictability Analysis: The predictability
of the optimal model based on the characteristics of the
dataset was examined by analyzing the results within each
cluster of datasets. The consistency of model selection
within clusters was evaluated to determine if similar
datasets consistently yield the same optimal model.

IV. RESULTS

A. Usability of the generated data

To evaluate the intra-setting consistency and the inter-setting
variability, we used the coefficient of variability (COV) per
characteristic. Table II shows the intra- and inter- values for
the relevant characteristics. The intra value is the average
value of the COV of the characteristic per group. For a given
characteristic, the inter-value is COV of the averages of that
characteristic among the groups. The differences show that
in most cases the inter-COV is significantly higher than the
intra-COV, indicating that datasets generated using the same
settings exhibit similar characteristics, essential for controlled
experiments and model evaluation. Applying different settings
allows for variation in properties, which is crucial for testing
model robustness across various scenarios.

To evaluate how well the simulated data replicated real-
world data the variance of characteristics of the simulated
dataset was compared to the corresponding values of the
original dataset. From the values in Table III, we see that
the original datasets generally exhibited higher variance. This

TABLE II
COEFFICIENTS OF VARIABILITY FOR THE RELEVANT CHARACTERISTICS.

ID Intra Inter Difference
5 0.06 0.21 0.14
6 0.07 0.22 0.14
7 0.31 0.65 0.34
8 0.21 0.50 0.29
9 0.15 0.35 0.20
10 0.1 0.26 0.16
11 0.69 36.45 35.76
12 0.06 0.07 0.01
13 0.46 0.82 0.37
14 1.32 1.22 -0.11

TABLE III
VARIANCES OF ORIGINAL AND SIMULATED DATASETS.

ID mean variance original mean variance simulated
4 0.012 0.006
5 24249.2 915.8
6 1164409.9 43061.0
7 1.3E+11 7.7E+8
8 4.3E+13 7.8E+10
9 36554.9 4665.7

10 675294.6 36766.1
11 0.010 0.007
12 0.0045 0.0043
13 0.0018 0.0006
14 0.00087 .00001

higher variance suggests greater natural variability in the real-
world data compared to the more controlled simulated datasets.
However, certain characteristics, such as Characteristics 11 and
12, showed similar variance levels between the original and
simulated datasets.

B. Model Performance and Optimal Model Identification

As shown in Figure 1, the evaluation of model performance
across the datasets revealed that no single model consistently
outperformed others. Instead, the optimal model varied de-
pending on the dataset characteristics, underscoring the impor-
tance of considering dataset-specific properties when selecting
a model. Table IV summarizes the performance metrics and
frequency of selection for each optimal model across all
datasets. The Random Forest (RF) model was the most fre-
quently selected, with a high average accuracy and F1-Score,
suggesting its robustness across different data conditions. The
Bayesian Classifier (BAC) and K-Nearest Neighbors (KNN)
models, while optimal in fewer cases, also demonstrated strong
performance in specific scenarios. In comparison, the optimal
model performance and frequencies on the original dataset are
given in brackets.

C. Clustering and Predictability Analysis

Figure 2 shows the resulting distribution of optimal models
within groups with similar characteristics selected by the
K-means clustering. Although some clusters exhibited the
predominance of a single optimal model, others showed a mix
of models. Only two clusters showed a single selected model,
seven showed a predominant choice, and six showed two



TABLE IV
AVERAGE PERFORMANCE METRICS OF OPTIMAL MODELS ACROSS
SIMULATED DATASETS AND ORIGINAL DATASET (IN BRACKETS).

algorithm Accuracy F1-Score Count
BAC 0.95 (0.96) 0.94 (0.94) 73 (16)
KNN 0.95 (0.94) 0.95 (0.94) 27 (1)
RF 0.95 (0.96) 0.94 (0.93) 79 (26)

Fig. 1. Bar plot showing the distribution of optimal models across all datasets.

models as optimal choices. This indicates that the unsupervised
K-means method applied for clustering is a good first step, but
more factors should be considered for model selection.

V. DISCUSSION

The results of this study provide several key insights into
the relationship between dataset characteristics and model
performance:

Consistency within Settings: The high consistency of char-
acteristics within each setting confirms the reliability of the
simulation process, ensuring that datasets generated under the
same conditions are comparable.

Variability Across Settings: The significant differences in
characteristics across settings show that simulated data can
be used to generate different data scenarios when evaluating
model performance.

Model Selection and Predictability: The variation in optimal
model performance across datasets and the mixed results
within clusters of datasets suggest that while dataset character-
istics are important, they must be considered alongside other
factors, such as model complexity and feature interactions, for
effective model selection.

Random Forest (RF) shows strong performance across
multiple clusters, often being the dominant or a close second
model in many clusters. This suggests that RF is generally a
robust model across various dataset characteristics. The same
results were found with the original dataset in [2, 3].

Bayesian Classifier (BAC) performs well in several clus-
ters, particularly where RF does not dominate. It shows strong
performance in clusters where RF is either less effective or
where dataset characteristics uniquely favor BAC.

K-Nearest Neighbors (KNN) appears less frequently as the
optimal model, indicating that it may be more specialized or
sensitive to specific dataset characteristics. However, when it
does perform well, it competes closely with the other models.

Fig. 2. Bar plot showing the distribution of optimal models within clusters
of datasets with similar characteristics.

VI. CONCLUSION

This study enhances our understanding of the critical role
that dataset characteristics play in model selection and per-
formance. The analysis demonstrated that both intra-setting
consistency and inter-setting variability are essential for op-
timizing model performance in practical machine learning
applications. The consistency within settings ensures reliable
comparisons, while the variability across settings allows for
the evaluation of model robustness under diverse scenarios.

This study highlights the importance of the use of simulators
when the process of obtaining new data becomes difficult. By
comparing simulated datasets to real-world data, it became
clear that simulations provide valuable insights but require
further refinement to capture the total variability of real-world
conditions. Addressing this gap in future work will improve
the possibility of generalizing machine learning models, mak-
ing them more applicable to complex, real-world datasets.

The results also highlight the necessity of carefully consid-
ering dataset properties when selecting models. While Random
Forest often performed robustly across various conditions, the
Bayesian Classifier and K-Nearest Neighbors also showed
competitive performance in specific scenarios. This under-
scores the importance of a dataset-specific approach to model
selection. In future work, more insight in model selection can
be obtained by considering datasets form other fields. A more
detailed analysis of the impact of higher number of features, or
different spread in characteristics values will certainly improve
our understanding of model performance results.

In conclusion, this study provides critical insights for re-
searchers and practitioners in machine learning, emphasizing
the importance of dataset characteristics and variability in
building and selecting robust models for diverse data con-
ditions. Future efforts should aim to improve the realism
of simulations, leading to better-aligned machine learning
outcomes in real-world applications.
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