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Abstract. Publicly available data sets play a crucial role in reliable, re-
producible and responsible Machine Learning (ML) research and applica-
tion. However, common benchmark data sets often suffer from data qual-
ity and other issues that affect model behavior. Auditing public datasets
is, thus, a crucial step in understanding data, allowing better models to
be developed and improving understanding of their results. In this paper,
we characterize popular healthcare data sets to illustrate how this can
help practitioners select benchmarking data that align with their needs
for responsible development of ML models. We conduct our study using
15 popular healthcare benchmarking data sets available on the UCI Ma-
chine Learning Repository. To assess their quality, we consider measures
of accuracy, completeness and redundancy. To assess their complexity,
we consider feature overlap, linearity, neighborhood, network, dimen-
sionality, and class balance measures. We also inspect the data sets for
imbalanced representation of different demographic groups. We found
several data quality and demographic representation imbalance issues
that indicate that careful analysis of public data sets remains needed.
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1 Introduction

Publicly available data sets play a critical role in the development and dissemi-
nation of ML research and application. The lack of access barriers makes these
data sets appealing for preliminary testing, but also for transparent sharing of
results. This can ensure not only scientific reproducibility, but also accountability
and auditability – a key dimension of responsible and trustworthy AI [23].

Responsible ML development also requires robustness to data quality issues,
which should be evaluated quantitatively. Auditing data quality is, thus, a crucial
step in ML pipelines, especially in applications like healthcare where the poten-
tial human impact is high. Several methodologies for data quality assessment
have been proposed in the literature [6]. Different methodologies often propose
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different data quality dimensions that should be considered, as well as measures
to assess them. Recent proposals extend data quality dimensions to consider bias
and fairness [31], since this is another key dimension of responsible ML [23].

Data complexity can also increase the difficulty of developing responsible
ML solutions. More complex data may require more complex models, which can
reduce explainability. Initially proposed for classification problems [19], data
complexity measures, such as feature overlap and separability of classes, have
been extended to address other tasks and challenges (e.g., [26,5]).

Investigating data quality and complexity using such measures can help to
recognize the challenges posed by certain data sets. This can improve under-
standing of the strengths and limitations of a certain ML approach, leading to
more responsible use of ML. Many papers assess data set quality and other
data properties, either as part of data quality assessment and exploration steps
in a standard ML pipeline, or to use them as meta-features for meta-learning
tasks [33,2]. However, we are unaware of a recent study focusing on the data
quality and complexity of publicly available data sets in the healthcare domain.

The UCI Machine Learning repository [15] is one of the most famous in the
ML community, hosting over 600 easily downloadable public data sets, 109 of
which related to Health and Medicine. Other repositories, such as PhysioNet [17],
focus specifically on health data and sometimes require training or authorization
before having access to certain data sets.

In this paper, we aim to inspect the quality and characterize some of the
most popular “Health and Medicine” data sets currently available in the UCI
Machine Learning repository. In Section 2, we discuss related work. In Section 3,
we present the selected data sets and data quality and complexity measures
computed. In Section 4, we present and discuss our results. We conclude with
some insights about responsible application of ML in healthcare in Section 5.

2 Related Work

Recently, Longjohn et al. [24] highlighted how data quality issues affect common
benchmark datasets, including illustrative examples from the UCI ML reposi-
tory. Kohli et al. [21] found that most tabular datasets used to benchmark ML
approaches are also quite old, potentially affecting results. However, these studies
do not provide detailed measures of data set quality and complexity.

In 2014, Macià & Bernadó-Mansilla [27] evaluated the quality and complexity
of data sets available on the UCI ML repository at the time. However, the scope
of their work was more general and only 2 of the 15 datasets in this paper were
included. We also compute some additional data quality and complexity mea-
sures, and investigate the distribution of demographic variables in each dataset.
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Table 1: Data quality measures computed. These are based on the tabular input
data quality measures available in Python library pymdma [12,13].

accuracy rare: % of rare (freq < 5%) nominal values in cat. variables
outIQR: % of outliers in num. variables according to the boxplot rule

completeness incR/incC: % of incomplete rows/columns
missR/missC: average % of missing values per row/column

redundancy dupl: % of duplicated rows
strCorr: % of num. variable pairs with absolute correlation above 0.5
corr: average and standard deviation of correlation values

3 Data and Methods

3.1 Data Quality Measures

Batini et al. [6] suggest considering accuracy, completeness, redundancy, read-
ability, accessibility, consistency, usefulness, and trust as data quality dimen-
sions. Each dimension may be quantitatively assessed using one or more mea-
sures. When working with public data sets, some dimensions can be easily and
accurately assessed (e.g., calculating the percentage of null values as a measure
of completeness); others, such as timeliness may not apply.

Many software tools for data quality assessment exist [11], with some fo-
cusing specifically on the healthcare domain [34]. We based our work on the
Python library pymdma: multimodal data measures for auditing real and syn-
thetic datasets [12,13]. Using the R language, we re-implemented some of the
tabular input data quality measures described in [4], with some modifications.
A list of the measures we computed can be found in Table 1.

Data may also be affected by different types of bias [31], which can be viewed
as affecting data quality. In this study, we investigate the imbalance in represen-
tation of different demographic groups in the data sets. Being aware of imbal-
anced representation in data is a step towards being able to properly assess and
mitigate bias that may contribute to a lack of fairness in an ML solution.

3.2 Data Complexity Measures

Lorena et al. [25] describe in detail the classification complexity measures in
Table 2, which were defined so that higher values indicates higher complexity.
We computed these measures using the implementation available in R package
ECoL [16,26,25]. The measures can only be computed for complete data sets,
and categorical variables are internally binarized. Before calculating them, we
pre-processed the data sets by excluding any feature with more than 20% missing
values, and any categorical feature with more than 50 unique nominal values.

All code needed to reproduce this study is available on Github.

While rare values may be accurate, they should be checked for potential errors.
The exception was the entropy of class proportions (B1 ) where a higher value cor-
responded to a more balanced (assumed to be simpler) problem. Here, we will take
the complement of that measure so that a high value indicates high complexity.
https://github.com/mrfoliveira/Characterizing-public-healthcare-data-RHCML25
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Table 2: Complexity measures computed. These measures are described in [25]
and available in R package ECoL [16,26,25].

feature-based F1/F1v Fisher’s discriminant ratio, and its directional-vector
F2: overlapping of the per-class bounding boxes
F3/F4: maximum individual/collective, feature efficiency

linearity L1: distance of erroneous instances to a linear classifier
L2: training error of a linear classifier
L3: nonlinearity of a linear classifier

neighborhood N1: fraction of points lying on the class boundary
N2: average intra/inter class nearest neighbor distances
N3: leave-one-out error rate of the 1-NN algorithm
N4: nonlinearity of the 1-NN classifier
T1: fraction of maximum covering spheres on data
LSC: local-Set cardinality

network Density: density of network
ClsCoef : clustering Coefficient
Hubs: hub score

dimensionality T2: number of samples per dimension
T3: intrinsic dimensionality per number of examples
T4: intrinsic dimensionality proportion

class label balance B1: entropy of class proportions
B2: multi-class imbalance ratio

3.3 Data Sets

Fifteen data sets were selected from the UCI Machine Learning Repository [15].
Filtering by subject area “Health and Medicine” and data type “Multivariate” or
“Tabular”, we considered the top 15 data sets in terms of number of views that
also met the conditions detailed next.

Data sets were only considered if they: were available for download through
the R package ucimlrepo [3]; were not derived from others already included; had
100 or more instances, a single variable tagged as target, and at least one demo-
graphic variable identified in the metadata. Variables tagged with the role “ID”
or “Other” in the metadata and those with a single unique value were removed
from the data sets and excluded from this analysis. Demographic variables in the
data represent potentially sensitive information regarding age (A), gender (G),
sex (S), race (R), sexual orientation (SO), education level (EL) and income (I).
The data sets were all mainly geared towards classification, though some include
variables that could potentially be used as targets for a regression task. The
basic data characteristics after these exclusions can be found in Table 3.

We found some issues with the metadata of some of the selected data sets,
related to the role and type of variables included, and missing values encoding
(details available in supplementary material on Github).

4 Results and Discussion

Results are shown in Figures 1 and 2. In both figures, data sets with similar
scores appear together after hierarchical clustering using Euclidian distance.

The number of views of the selected data sets ranged between 27.24k and 790.87k.
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Table 3: Basic characteristics of the data sets, including the number of columns
excluded for (a) having role “Other” or “ID”, or (b) having a single unique value.
Note that the target also did not count towards the categorical features total.
ID Name #Class #Inst. #Cols. Feats. #Num. #Cat. #Dem. Dem. Excl.(a) (b)
D1 National Health and Nutrition Health Survey

2013-2014 (NHANES) Age Prediction Subset [29]
2 2.28k 8 Mixed 6 1 2 A, G 2 -

D2 AIDS Clinical Trials Group Study 175 [18] 2 2.14k 23 Mixed 12 10 4 A, G, R, SO 1 1
D3 ILPD (Indian Liver Patient Dataset) [32] 2 583 11 Mixed 9 1 2 A, G - -
D4 CDC Diabetes Health Indicators [8] 2 254k 22 Mixed 7 14 4 A, EL, I, S 1 -
D5 Heart Failure Clinical Records [9] 2 299 13 Mixed 7 5 2 A, S - -
D6 Breast Cancer [37] 2 286 10 Mixed 1 8 1 A - -
D7 Differentiated Thyroid Cancer Recurrence [7] 2 383 17 Mixed 1 15 2 A, G - -
D8 Glioma Grading Clinical and Mutation Features [36] 2 839 24 Mixed 1 22 3 A, G, R 1 -
D9 Maternal Health Risk [1] 3 1k 7 Num. 6 0 1 A - -
D10 Cirrhosis Patient Survival Prediction [14] 3 418 18 Mixed 10 7 2 A, S 2 -
D11 Diabetes 130-US Hospitals for Years 1999-2008 [35] 3 102k 46 Mixed 8 37 3 A, G, R 2 2
D12 HCV data [22] 5 615 13 Mixed 11 1 2 A, S 1 -
D13 Heart Disease [20] 5 303 14 Mixed 6 7 2 A, S - -
D14 Estimation of Obesity Levels Based On Eating

Habits and Physical Condition [30]
7 2.1k 17 Mixed 8 8 2 A, G - -

D15 National Poll on Healthy Aging (NPHA)[28] 3 714 14 Cat. 0 13 3 A, G, R - 1

In Figure 1, we can see that 8 of the data sets had no missing values. Only
6 of the data sets show a meaningful percentage of numeric outliers and/or rare
nominal values. Data set D9 had the highest redundancy, with a rather high
percentage of duplicate values; it is joined by data set D3 as the only two data
sets with at least 10% of their feature pairs showing a strong correlation.

Fig. 1: Quality measures computed for the chosen data sets.

In Figure 2, we can see the target variable is quite balanced in most data
sets; with data sets D4, D1, and D12 standing out as the most imbalanced. On
average, measures related to class balance and feature overlap (except F1.mean)
present the highest variance across data sets, followed by the variance of neigh-
borhood measures . For the latter two dimensions, it is possible to find data sets
with very low (values close to 0) and very high complexity (values close to 1)
according to different measures. The values for linearity show the least variance
and relatively low values which would indicate less complexity.

Note that, due to computational resource limitations, it was not possible to compute
some complexity measures for the two largest data sets, D4 and D11.
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Fig. 2: Complexity of chosen data sets (higher values mean higher complexity).

Fig. 3: Demographic imbalance measures (higher values mean greater imbalance).

Figure 3 shows the results of inspecting demographic variables in the data
sets . Age is the most frequently available variable. The more balanced variables
tend to represent gender, while several variables representing race are the most
imbalanced. Note that this analysis simply looks at the imbalance in the distri-
bution of demographic variables in the data sets, and does not take into account
the class labels within each demographic group.

Limitations Data quality issues and pre-processing decisions (e.g., about how
to encode nominal variables with inherent order) may have somewhat distorted
certain measures, especially those relating to complexity as both incomplete
features and instances had to be discarded.

5 Generalizable Insights about Responsible Application
of Machine Learning in Healthcare

This work is a step towards better understanding of publicly available bench-
marking data sets in the healthcare domain through available data quality and
complexity assessment tools. We provide results that may help practitioners
choose benchmark data sets that align with their responsible ML research goals.

Robustness and fairness are two key dimensions of responsible ML [23]; se-
lecting appropriate data sets can help when checking that ML solutions follow

Numeric variables were discretized to keep consistency with the measures calculated
for categorical variables; we used 5 equal-width bins.
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these principles. A researcher might select a complex data set with data quality
issues to test the robustness of an approach to issues that commonly affect real-
world health data sets. Detecting and mitigating bias is especially important in
the healthcare domain where it can lead to differing patient outcomes across
different demographic groups [10]. Thus, a researcher might select one of the
benchmark data sets that we found to have imbalanced demographic represen-
tation (e.g., the Glioma Grading data set) to test the fairness of an approach.

Using public data can support robust, fair and auditable ML development.
However, we also found several metadata and other unreported issues in the data
sets that indicate that careful analysis of public data sets remains needed.

Future work could extend this study to: include (a) a broader sample of
healthcare data sets; (b) more measures of data quality since some dimensions,
like trust, were not assessed; and (c) additional measures related to responsible
and trustworthy AI (e.g., relating to data privacy); and explore how class labels
and data quality relate to protected features, potentially impacting fairness.
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