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ABSTRACT
In many areas, only small data sets are available and big data does
not play a significant role, e.g., in Human-Centered Design research.
In the context of machine learning analysis, results of small data sets
can be biased due to single variables or missing values. Nevertheless, reliable and interpretable results are essential for determining
further actions, such as, e.g., treatments in a health-related use case.
In this paper, we explore machine learning clustering algorithms
on the basis of a small, health-related (variance) data set about early
dyslexia screening. Therefore, we selected three different clustering algorithms from different clustering methods: K-Means, HAC
and DBSCAN. In our case, K-Means and HAC showed promising
results, while DBSCAN did not deliver distinct results. Based on
our experiences, we provide first proposals on how to handle small
data set clustering and describe situations in which using HumanCentered Design methods can increase interpretability of machine
learning clustering results. Our work represents a starting point
for discussing the topic of clustering small data sets.

CCS CONCEPTS
• Theory of computation → Unsupervised learning and clustering; • Human-centered computing → Human computer interaction (HCI); • Social and professional topics → People with
disabilities.
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INTRODUCTION

The beginnings of machine learning (ML) focused on big data: a
large amount of data that has both high velocity and high variety
[4]. In web use cases, these databases usually contain, e.g., millions
or billions of data objects [7]. In some areas, big data does not yet
exist or will never exist; therefore, investigating small data sets in
the context of ML is of great value.
∗ Both

authors contributed equally to this research.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
Mensch und Computer 2021, Workshopband, Workshop on User-Centered Artificial Intelligence (UCAI ’21)
© Copyright held by the owner/author(s).
https://doi.org/10.18420/muc2021-mci-ws02-284

The interpretability of ML results is essential for understanding
the outcome and for deducing appropriate further actions. It is
especially important in health-related research areas, as wrongly
interpreted ML results can have a significant negative impact on
therapy approaches. For example, in the beginning of the COVID19 pandemic, little data was available about the new disease, but
many decisions were based on this data. Furthermore, in the case of
COVID-19, the consequences do not only impact certain individuals,
but instead affect the whole society. Additionally, health-related use
cases deal with another complexity: multi-modal data can influence
one result [9].
In connection with the Human-Centered Design (HCD) approach
[6], small data sets often have around 200 or fewer data points,
which are also called tiny data [16]. We use the terms small and
tiny data sets as synonyms because tiny data has not yet been
formally defined.
When only small data is available, results might be over-biased
in comparison to big data as single variables or missing values have
more impact in relation to the total number of values. This is one
of many issues regarding the reliability of ML results when using
small data sets. Hence, previous research already focused on ML
prediction, or rather classification, of small data sets [1, 16, 17]. In
one case, the authors used a data set that contained health-related
data regarding early dyslexia screening [16, 17]. They derived recommendations for handling small data sets in ML prediction. The
other research focused on ML prediction of student performance
based on small data sets [1]. In advance, they used clustering to
identify relevant features for the ML prediction. However, to the
best of our knowledge, how to handle clustering with small data
sets has not yet been explored.
In this paper, we investigate using ML clustering algorithms on
small data sets. As a starting point, we explore one small, high
variance and imbalanced data set, applying three different ML clustering algorithms. We used the open-access data set of early dyslexia
screening [16] that was previously used for ML prediction. In the
prediction use case, the aim was to predict whether or not a person
has dyslexia. In our clustering use case, we aim to find relevant
groups within the dyslexia data set, i.e., preexisting conditions of
persons with and without dyslexia. Our main contribution is a first
proposal on how to handle small data in ML clustering and we explain as well how HCD methods might support the interpretability
of results and the meaningful usage of distinct algorithms. Some of
our proposals are also valid for medium or large data sets. This is
a first step of exploring possible guidelines and obstacles for small
data clustering and we do not claim completeness.
This paper is organized as follows: Section 2 describes the origin
and types of ML clustering, while Section 3 describes related work.
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ability to deal with noisy data, incremental clustering and insensitivity to input order, capability of clustering high-dimensional data,
constraint-based clustering, interpretability and usability.
These challenges directly or indirectly influence the choice of
a suitable clustering method. An overview of the most common
clustering methods is shown in the following section.

2.2

Figure 1: Iterative cluster analysis according to [11].

In Section 4, we show a small data use case in which we apply different clustering algorithms on a small data set. We then introduce
first proposals for clustering small data sets in Section 5. Section
6 completes our work with the conclusion and future work.

2

BACKGROUND

ML clustering algorithms, also called cluster analysis or simply
clustering [7], are used to identify relevant subsets within a data
set. Furthermore, clustering relates to unsupervised learning, which
means class labels are not available [7].
General steps and methods of ML clustering, as well as over- and
under-fitting in this area, are described in the following subsections.

2.1

Clustering Steps

A well-known iterative approach describes seven steps for successfully exploring and clustering data sets [11]: data collection, initial
screening, representation, clustering tendency, clustering strategy,
validation, and interpretation (see Fig. 1). The authors indicate that
it may be necessary to conduct some iterations to set the basis for
a meaningful data set. The initial data screening is connected to
data cleaning. The result of the representation step should be a
proximity or pattern matrix. The representation depends, e.g., on
the use case, and the data. Afterwards, investigating the tendency
of clustering prevents data from clustering, making it impossible to
build appropriate clusters. Finding the right clustering strategy is
a central point when a clustering method is chosen. The main goal
is to fit the clustering algorithm and the data together, considering
appropriate parameters as well as the method of data visualization. The data validation ensures robust indication of the clusters.
At the end, the interpretation of the results is dependent on the
investigator’s knowledge of exploratory data analysis.
Still, finding the right clustering strategy can be challenging
due to various factors [7]: scalability, ability to deal with different
types of attributes, discovery of clusters with arbitrary shape, requirements for domain knowledge to determine input parameters,

Clustering Methods

The fundamental clustering methods are divided into the following
subgroups [7]: (1) partitioning, (2) hierarchical, (3) density-based,
and (4) grid-based. The partitioning method (1) divides a data set
with n objects into k partitions, an example algorithm is K-Means.
Small to medium data sets can be used for partitioning methods [7].
The hierarchical methods (2) are categorized into agglomerative
(bottom-up) and divisive (top-down) methods [7]. The bottom-up
approach is based on having separate clusters for each object, which
are then step by step grouped into one. The top-down approach
starts with all objects in one cluster, which is then divided step by
step into smaller clusters. The HAC (hierarchical agglomerative
clustering) algorithm is an example in the context of hierarchical
clustering methods. For grouping the clusters, the proximity between the clusters must be calculated. Therefore, different linkage
metrics are used, e.g., single linkage, complete linkage, average linkage or ward linkage [2]. The basic idea of density-based methods
(3) is extending a cluster until a defined threshold of existing data
points (density) around is met [7]. DBSCAN is an example algorithm
for density-based clustering. With the grid-based clustering method
(4), the object space is divided “[...] into a finite number of cells that
form a grid structure,” with which the clustering is conducted [7].
Grid-based methods often have a short processing time and are
used in combination with density-based or hierarchical methods.
After choosing a suitable clustering method for a specific use
case, it is important to avoid issues such as over- or under-fitting and
to consider the Impossibility Theorem. These topics are described
in the following section.

2.3

Over-fitting, Under-fitting and the
Impossiblity Theorem

Over-fitting and under-fitting are known concerns in the ML domain. Therefore, one approach for finding the optimal number of
clusters k is, e.g., the “elbow method” [20]. The “elbow method” is
the optimal number of clusters in the elbow of the graph. This is
measured by the total within-cluster sum of squares (WSS), which
minimizes the intra-cluster variation [12]. Over-fitting occurs when
one chooses a higher number of clusters than the elbow, while
under-fitting occurs when one chooses a lower number of clusters.
Another phenomenon in ML clustering is the Impossibility Theorem [14]. This says that no more than two of the following points
can be reached: richness, scale invariance and consistency. Richness,
in this context, means that “a clustering algorithm has the ability to
create all types of mappings from data points to cluster assignments”
[13]. Scale invariance means that the algorithm is not sensitive to
measurement changes [14]. The consistency of a clustering algorithm is explained as follows: after scaling down distances of data
points inside one cluster and scaling up distances of data points
between different clusters, the outcome is the same [14].

How can Small Data Sets be Clustered?
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RELATED WORK

As described above, clustering has a long history but lacks distinct
recommendations for clustering small data sets. Several clustering
methods exist, along with their accompanying algorithms.
Recently, recommendations for small (high variance) data sets
for predictive machine learning algorithms have been proposed
[1, 17], but are not explicitly for clustering small (imbalanced/high
variance) data.
One case used data gathered through a user experiment with
an interactive system [17]. In this context, three different perspectives were combined: Design Science Research Methodology (DSRM)
for setting up the corresponding experiment, HCD for designing
the interactive system, and data science for applying the ML algorithms. The authors also explained that HCD can be an approach
for resolving ML challenges.
Furthermore, prediction of student performance based on small
data sets has been explored [1]. The authors found the key features
using a hierarchical clustering algorithm. Afterwards, different
ML algorithms were trained by these key features to evaluate the
accuracy of their outcomes. The most promising results show the
support vector machine as well as the learning discriminant analysis
algorithms to be most effective.
Another relevant topic regarding machine learning algorithms
and small health-related data sets is the human-in-the-loop approach
[8]. The authors remark that the human-in-the-loop can be beneficial for solving ML (clustering) problems, e.g., for health-related
use cases a doctor-in-the-loop can provide relevant information for
the ML algorithm to improve the outcome.
Based on current research, the following research gap has emerged:
application of ML clustering algorithms to small data sets is missing
because of the lack of information about clustering behavior in the
context of small data sets. Hence, we consider the following open
questions: “What should be considered when clustering small data
sets?” “Which clustering methods are useful?” “Are there any specific
requirements regarding the data set?”
Thus, our aim is to explore the application of clustering algorithms to a first small data set. Afterwards, we generate first proposals for handling small data set clustering.

4

SMALL DATA USE CASE

Among publicly available small data sets there are simulated data
sets [10], which are not appropriate for our research approach.
Hence, we explored one existing data set which contains healthrelated data collected with an interactive system in an online experiment. The aim of this already-collected data was to distinguish
between children with and without dyslexia. The interactive system
was designed with the HCD approach [6] and is well described in
research papers [16–19].

4.1

Data Set Description

We used the data set consisting of 302 data points and 39 features
[18] along with the provided description and the statistical analysis
of the dependent variables that were collected with visual and auditory parts. The interactive system includes content related to visual
and auditory indicators that have been successfully used in lab
studies to distinguish between children with and without dyslexia.

An example for visual content is finding similar sketches and
for auditory content is finding similar frequencies .
The data set has a high variance and is an imbalanced data set.
For example, it includes about 37% dyslexic children and 63% nondyslexic children for all languages. The data set has visual and
auditory dependent variables.

4.2

Our Approach

We used some dependent variables from the visual part (Total Clicks,
First Click, Hits, Efficiency, Misses) and some from the auditory
part (4th Click, Duration and Average) as features for the different
clustering algorithms. We selected these most-promising variables
because they had been used in the statistical analysis and were
found to be partly significant [18].
We aim to explore clustering algorithms for small data sets and
discover obstacles in order to derive possible recommendations. We
used the following clustering algorithms because they are among
the most well-known, are easy to apply, and provide different clustering approaches: K-Means, DBSCAN and HAC.
First, we created a correlation matrix for the data set, but no
surprising correlations were found. For example, there is a negative
correlation of r = -.71 between Accuracy and Misses, but that is
because the calculation of Accuracy depends on Misses. We then
paired each of our features. Subsequently, the clustering algorithms
were used on these two-dimensional feature pairs. Using more
features would impair further analysis because the results would
be expanded by additional complexities, resulting in lower interpretability.

4.3

Results and Discussion

Generally, we show the clustering results for the variables First
Click (time taken until the first click happens) and Total Clicks (total
number of clicks needed) in more detail. We chose these two features because one can understand them without further knowledge
of the domain.
The StandardScaler from the Python module scikit-learn is used
on the data (if not stated otherwise, we refer to the implementation
of the scikit-learn library version 0.23.2 [15]). It scales the data to
unit variance and thereby changes the x- and y-axes’ units. Because
of this, the range for Total Clicks is between -3 and 6 and the range
for First Click is between -2 and 6. The higher the number, the
higher the time taken until the First Click happened or the higher
the number of Total Clicks needed.
The results of K-Means and HAC are promising. DBSCAN shows
poor results due to high variances in the data set.
First, we explore the K-Means algorithm (see Fig. 3). We use 𝑘 = 5
as the number of clusters because the output of the elbow method
was this optimal number of k (see Fig. 2). Besides the four distinct
clusters, there is the light brown cluster that includes three data
points (see Fig. 3) which seem to be outliers. The blue cluster has,
on average, a number of Total Clicks under 0 and a long time before
the First Click is made (over 1). The light green cluster ranges from
about -2 to 1 for Total Clicks and from about -1 to 2 for First Click.
The fourth cluster (teal) ranges from about -1 to 1 for Total Clicks and
from about -1 to 1 for First Click. The last cluster (grey) ranges from
about 0.5 to 3 for Total Clicks and from about -2 to 0 for First Click.
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Figure 2: WSS vs. k (Total Clicks vs. First Click).

Figure 4: Total Clicks vs. First Click (HAC clustered).

Figure 3: Total Clicks vs. First Click (K-Means clustered).

Figure 5: Total Clicks vs. First Click (DBSCAN clustered).

Next, we examine the HAC algorithm (see Fig. 4). To ensure
comparability between HAC and K-Means, we again use 𝑘 = 5 as
the number of clusters. In the case of the HAC algorithm, a linkage
metric can be set. We appropriate the ward metric for a similar
approach as K-Means. In Figure 4, the light brown cluster of three
data points seems to be entirely made up of outliers. In addition,
another four clusters are shown. For the teal cluster, the number
of Total Clicks is under 0 and the time to First Click is over 1. The
green cluster in Figure 4 ranges from about -2 to 0 for Total Clicks
and from about -1 to 1 for First Click. The fourth cluster is the blue
cluster. It ranges from about -1 to 1 for Total Clicks and from about
-1 to 1.5 for First Click. The cluster in grey ranges for Total Click
from about 0.5 to 3 and for First Click from about -2 to 0.
Third, we analyze the DBSCAN algorithm (see Fig. 5). The number of clusters is defined automatically by the algorithm (𝑘 = 6). As
shown in Figure 5, the clusters are not clearly distinguishable.

As depicted in Figures 3 and 4, the results, the clustering, and
the outlier partitioning for the K-Means and the HAC algorithms
are very similar. For us, the outcome seems to be plausible in these
cases, as the algorithms can deal with this small, high variance and
imbalanced data set in a proper way. The five clusters are clearly
identifiable and obviously both algorithms deliver similar results.
In contrast, the DBSCAN algorithm shown in Figure 5 does
not deliver a meaningful outcome for this small data set. Here,
the clusters are not clearly distinguishable from one another. The
variances of this small data set influence the clustering outcome so
that the results are not beneficial.

5

PROPOSALS FOR SMALL DATA SETS

Based on both our experience during the use case exploration and
the existing literature, we aim to find answers to our initial questions: “What should be considered when clustering small data sets?”
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more suitable algorithm for categorical data. Moreover, HAC
can be used for categorical data with the right distance metric, which is also valid for DBSCAN. However, as described in
the previous section, in cases of high variances, the DBSCAN
output implicitly needs to be checked for plausibilty.
Missing data Handling missing data depends on the amount
of missing data and the total number of data points. If missing data occurs only a few times for a feature, we recommend
removing these data points from the data set. If the data is
frequently missing for a feature, we recommend either removing the whole feature or applying a ML regression algorithm to predict the missing data. As for prediction, missing
or incorrect data can be imputed [16] if the data does not
have high variances. Otherwise, noise would be added to the
data. In the context of small data sets, missing data should
be handled especially carefully because data is rare and reducing or imputing data can have a strong influence on the
results.
Multiple subjects If the data set consists of multiple subjects
with multiple measurement points (e.g., interview data), we
recommend representing each subject with one data point
and having separate attributes for each of the different measurement points. This helps one to distinguish between small
data sets and big data sets. Furthermore, analysis is then
much more simple.
Verification Real small data sets are rare and often not distinguishable at first glance from an imitated test data set. To
ensure the validity of publicly available data sets, we recommend providing an up-to-date verification reference to
the related data sets. This is also valid for medium and large
data sets.
License When using publicly available data sets, the following
questions arise: “Is the data free to use?” “Should credits be
given when publishing work based on the data?” and “Is one
allowed to publish work based on the data?” We recommend
verifying the license, such as Creative Commons [3], in a
very early project stage so that regulations are observed
accordingly.

“Which clustering methods are useful?” “Are there any specific requirements regarding the data set?” Therefore, we reveal the following
first proposals for handling small data set clustering:
Data set description Domain knowledge is important for understanding the data set, especially in the HCD context because HCD experiment data is rarely self-explanatory and
misinterpretations can have unintended consequences. Current data sets are often not well described; therefore, we recommend offering a specific and thorough description in an
extra file. Some important descriptive aspects are: “How was
the data collected?” “What is the meaning of each attribute?”
“Is the data already normalized or encoded?” “Is missing data
already marked or predicted?”, “Were data points with missing
data deleted?” “Could there be some kind of bias in the selection of the data points?” For HCD-related small data sets, it is
highly important that one use the existing data as efficiently
as possible, since the data set cannot easily be expanded. Repeating an HCD experiment or study appropriately means
conducting it under the same test conditions and with the
same investigators.
Clustering results Even for interpreting the clustering results, domain knowledge is often necessary. This is particularly true for small data in the case of HCD experiments, as
the use cases can be very specific. In this case, HCD might
be a supporting tool for evaluating the clustering outcomes
together with domain experts. We recommend bringing ML
and domain experts together to (iteratively) review the clustering algorithms’ results, as was proposed by [21]. Adapting
the whole clustering strategy can also be part of these reviews if necessary.
Feature selection Setting up hypotheses can help in selecting the features for useful results, as small data sets often
have dependencies by chance [5]. For prediction (supervised
learning), the entropy of the feature has an impact on the
quality of the prediction results [16]. For our use-case clustering (unsupervised learning), we choose a few features to
reduce the resource cost, starting with the most promising.
Variances If the data shows high variances in the small data
set, we recommend performing a plausibility check to ensure
the results are interpretable. For our use case, the results of
the DBSCAN clustering were not distinct. In this case, it
might be helpful to utilize an iterative HCD approach for
result evaluation with domain experts. The goal is to check
the algorithms’ results for plausibility.
During our work, we searched for further open-source small data
sets to validate the results of the first use case with additional data.
Finding a suitable data set was quite difficult, which brings us to
further proposals regarding small data sets:
Data types and algorithms As, e.g., K-Means clustering is
only suited for numerical data, the algorithm is not applicable for categorical data. When we have small data sets
we recommend choosing an algorithm that is suitable for as
many features as possible. The aim is to avoid losing information and to make the clustering results as comparable as
possible. In the case of K-Means, e.g., K-Modes could be a

6

CONCLUSION AND FUTURE WORK

In this work, we present first proposals for small data clustering.
We also point out that HCD supports better interpretability of small
data clustering results. Our proposals for clustering small data sets
are a first proposition in this research area.
Future work is necessary to validate our first proposals for small
data clustering. Furthermore, investigation using other small data
sets is needed to develop general recommendations on this topic.
In addition, more clustering algorithms and approaches need to
be explored for small data sets (e.g., OPTICS, Affinity Propagation,
K-Modes).
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