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Figure 1: HamCat supports simultaneous analysis of attributes and items in multidimensionalcategorical survey data. (A) The attribute
representation provides an overview of the attributes, attribute levels (values that an attribute can have) and counts associated with each level.
(B) The item representation uses an Ego Hammingnetwork to enable in-depthsimilarity analysis of the dataset from the perspective of a
specific reference point, i.e., a focal node. (C) The entropy map provides an overview of the Ego Hammingnetwork for navigation support.

Abstract

We introduce HamCat, a novel visualization method for exploring and analyzing multidimensional categorical survey data.
Typical visualization approaches for multidimensionalcategorical data do not support simultaneous analysis of attributes and
items, nor do they allow for in-depthsimilarity analysis of an entire dataset from the perspective of a specific reference point.
HamCat, in contrast, aims to facilitate detailed analysis of multidimensionalcategorical data across both attributes and items.
Our approach builds on the concept of a Hammingball combined with a force-directed layout to support ego-centric, user-steered
analysis of inter-item and inter-attribute relationships in multidimensionalcategorical survey data. In addition, our method
supports the inclusion and nuanced visualization of missingness. We illustrate the value of HamCat through two case studies. The
first case focuses on a survey on wellbeing collected by the European Social Survey, while the second is an expert-driven study
for a survey on sense of belonging in computerscience higher education. These case studies show how HamCat complements
existing analysis workflows to reveal relationships and item groupings across attributes that are not easily discoverable through
conventional means. Supplementary materials for our methodare available at https://osf.io/uz2jv/.
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1. Introduction

Categorical survey data are commonly collected in domains such as
biology, healthcare and the social sciences. Such data are critical to
capturing and understandingof phenomena. For instance, education
surveys may seek to understandhow new educational programs
improve studentlearning outcomes; healthcare surveys may strive
to discover why some patients do not adhere to treatment protocols
and follow-up; social sciences surveys can uncover cross-sectional
attitudes towards mental health, lifestyle, etc., to eventually shape
policies. Exploring and analyzing such information can help to un-
cover patterns, such as relationships between attributes and between
data items, or identify patterns of missingness.

The multidimensional, categorical nature of survey data presents
several exploratory and analytical challenges. Inter-attribute re-
lations in survey data can involve interactions between several
attributes, complicating an analyst’s ability to identify relevant rela-
tionships. For instance, an interaction of age group, health literacy,
social factors, and education level usually influences a patient’s
adherence to a treatment, rather than age group alone. Multiple
attributes can form individual, i.e., item, groupings in a respon-
dent pool. This requires the successful assessment of inter-item
relations, including the structure of the respondentpool, clustering
patternsand outliers. For example, patients can form multiple groups
with different disease risks based on their age, physical activity, and
diet. Analyzing multidimensional categorical survey data from both
attribute and item perspectives can provide notonly a comprehen-
sive view of the data, but also assists some of the challenges inherent
in the analysis of such information. Categorical data do not naturally
map to numeric values. This restricts, or even disqualifies, the use of
otherwise common analytical methods, including many dimension-
ality reduction approaches [MR93, vdMH08, MHM18]. Targeted
approaches to understanding(dis)similarities in multidimensional
categorical data are required to enable an effective analysis of inter-
item and inter-attribute relations.

Figure 1 provides an illustrative example of a four-attribute
dataset with a gender question and three 5-pt Likert-type questions.
Here, the analyst is interested in identifying patterns of responses
between and within self-identified gender types. While a standard
analysis may employ frequency- [HK81,KBHO06 ] or set-based strate-
gies [AMA *16], these techniques fail to reveal potentially interest-
ing subgroups and their relations, such as subgroups of females
with small variations in their Likert responses against their larger
difference from male respondents, who themselves may also form
subgroups of response variation. This kind of analysis is difficult,
if not impossible, to perform with existing approaches, while our
method quickly affords this assessment. Moreover, to our knowl-
edge, there are no multidimensionalanalysis techniques that flexibly
support the identification of inconsistent answers, nor similarity
analysis of attitudinal directions for survey data that include nomi-
nal questions alongside Likert-type questions (negative, neutral and
positive). These challenges inspired our research questions:

RQ1: How, and to what extent, can we embed multidimensional
categorical survey data into 2D space, while respecting their cate-
gorical natureand enabling simultaneous exploration and analysis
from both attribute and item perspectives?

RQ2: How can we incorporate user knowledge and perspective on
the data in the exploration and analysis process?

RQ3: How can a 2D embedding reveal relevant inter-attribute infor-
mation in the case of missing data?

To answer these questions, we contribute HamCat, a novel visual
method for multidimensional categorical survey data. Our approach
builds on a Hamming ball [A]JS24 ] and a force-directed layout
to support analysis of inter-attribute and -item relations, even in
cases of incomplete data. With our method, the user can steer the
analysis process and incorporate their particular knowledge to drive
a meaningful analysis thatis complementary to standard practices.

2. Related Work

Below, we review related work on categorical data visualization, sur-
vey data analysis, and visualization strategies for multidimensional
categorical data.

Categorical data visualization includes two widespread ap-
proaches: frequency-based visualization [HK81, KBHO06 ] and set
visualization [AMA ™16, FMHO8]. Bar charts and pie charts are fun-
damental examples of frequency-based visualizations, although they
do noteasily capturerelations between attributes or data items. Other
examples are Parallel Set Plots [KBHO06 ] and Product Plots [WH11]
that follow the frequency-based paradigm but may also surface re-
lations between attributes. However, these methods do not support
exploration and analysis of inter-item relations in categorical data.
In set visualization [AMA *16, FMHO08], we find effective represen-
tations for certain datasets and tasks, usually limited to the analysis
of the set nature of categorical data. These approaches also do not
allow for item-based similarity analysis, whereas our method does.
There are also methods that rely on mapping categorical data to a
numerical space [Joh09, CBK09 ], enabling approaches designed for
numerical data but violating the inherentnature of categorical data.

Survey data analysis may involve visualization, most com-
monly bar charts, box plots, heatmaps, and diverging stacked bar
charts [HR14]. These are frequency-based techniques with corre-
spondinglimitations in detail. Other methods of survey data analysis
generally entail summarizing data through descriptive statistics and
applying statistical methods, such as the Mann-Whitney U test or
the Kruskal-Wallis test [SAJ13 ,Harl5]. Descriptive statistics are
limited to summarizing trends, while comparative statistics, e.g.,
t- or chi-squared tests support group comparison [OL10]. These
approaches provide only a summarized representation of survey
data and do not easily capture detailed relations between multiple
questions (attributes) and respondents (items).

High-dimensional data visualization is an active research area
with several surveys encapsulating the state of the field [LMW ™16,
The08, GTCO1]. Dimensionality reduction (DR), which projects
high-dimensional data into lower dimensions, is a popular suite of
methods [EMK *19, CG15, WVAL10 ] used to facilitate visualization
and analysis of high-dimensional data. DR techniques for categori-
cal data include Multiple Correspondence Analysis (MCA) [AV07],
the counterpartof Principal ComponentAnalysis (PCA) [MR93] for
nominal variables. For example, Broeksema et al. [BTB13 ] propose
an approach for visual analysis of multidimensional categorical data
based on MCA. However, this method, like PCA, cannot detect

© 2026 Eurographics - The European Association for Computer Graphics and John Wiley
& Sons Ltd.

958017 SUOLULIOD SA 81D 3! dde au) Aq pauienob ale S3jo1le O ‘8sn JO Sa|nJ Joj Akelq18uluO AS|IM UO (SUOIPUOD-PUE-SULIS)AL0D AS 1WA eIq 1 ]BU 1 |UO//SANY) SUONIPUOD pue SWie 1 84} 88S *[9202/90/0E] Uo AriqiauluO A81IM ‘NIDHYIE 40 ALISHIAINN Ad Ovr0L JBO/TTTT OT/I0P/L02" A8 | 1M Akeiq 1 Ul uo//:Sdny Wwol) pepeoumod ‘0 ‘6598291 T



Balaka, Hauser, Garrison / HamCat 30f12

non-linear relationships. Multidimensional Scaling (MDS) uses dis-
similarity measures appropriate for categorical variables, such as
the Hamming distance [WW95]. While based on distance metrics
suitable for categorical data, these respective techniques produce
only a “big picture” of relationships and do not allow for in-depth
similarity analysis from the perspective of a specific reference point.
They furthermoredo not supportsimultaneous analysis of both at-
tribute and item spaces, which our method does. These techniques
also require handling of missingness through imputation, exclusion,

or added categories, any of which can distort the data representation.

Challenges for embedding multidimensional categorical data have
encouraged the development of new visualization methods to ex-
pand analytical capabilities to such data. CatNetVis [TBL23 ], for
example, supports the visual exploration of high-dimensional cat-
egorical data with force-directed network layouts. However, this
approach focuses on semantic relations between categories and their
frequencies, and does not support the exploration and analysis of
similarities between items nor missingness. The Categorical Data
Map [DJP*24], on the other hand, addresses the need for similarity-
based analysis of data items by using a DR-based visualization for
categorical data and defining the distance of two data items as the
number of varying attributes. However, the number of attributes
this method is able to supportis limited by the number of colors,
which pragmatically limits this method’s scalability to a handful
of dimensions [Mun14]. Neither technique supports exploration of
missingness, the identification of inconsistentanswers, nor the anal-
ysis of attitudinal directions, i.e., negative, neutral and positive, for
Likert-type questions, each of which are central to our approach.

3. HamCat Approach

With HamCat we aim to enable analysis of multidimensional cate-
gorical survey data from both item and attribute perspectives, even
in scenarios of incomplete data.

3.1. HamCat Requirements & Overview

Our approach is based on the following design requirements, which
we derived from our research questions outlined in Sec. 1:

R1: Enable simultaneous exploration and analysis of all responses
across different levels of granularity, both on attribute and item levels
(RQ1). For example, an analyst identifies question-level trends to
determinea product’s strengths and weaknesses, while at the item
level, an analyst captures and relates customers’ detailed response
patterns to those trends.

R2: Provide interactive means for a user to integrate their knowledge
and questions in analysis (RQ2). For instance, an analyst may be
interested in focusing on specific questions, e.g., health-related.
R3: Enable exploration and analysis of structureamong the items,
such as how and why items group in a respondent pool, relations
between and within such groups, and the diversity of responses
(RQ1). For example, an analyst identifies groups of patients with
high disease risks formed by age, physical activity, and diet.

R4: Support response characterization at the individual item level
(RQ1). For instance, an analyst may be interested in examining
individual responses forming a certain group of participants,e.g., a
high-risk disease group.

© 2026 Eurographics - The European Association for Computer Graphics and John Wiley
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RS: Enable adjustmentof attribute granularity to supportanalysis
of both raw responses and attitudinal directions (RQ1, RQ2). For
example, an analyst may be interested in focusing on attitudes for
Likert-type questions instead of finer-granularity categories.

R6: Enable identification of a key attribute to supportanalysis of all
responses (RQ1, RQ2). For example, an analyst may be interested
in their survey data in relation to a specific attribute, such as gender,
country, or another demographic variable.

R7: Support detection of items with inconsistent or unexpected
responses (RQ1, RQ2). For instance, an analyst detects respondents
who fail attention check questions and removes them from analysis.

R8: Support exploration of the extent of missingness at the attribute
and item levels, as well as patterns of co-missing attributes (RQ3).
For example, responses to the last block of survey questions thatare
often missing together can indicate survey fatigue.

These design requirementsshaped our development of the HamCat
approach, which we briefly summarize before discussing its key
aspects in more detail.

HamCat supportsa joint attribute and item analysis throughtwo
simultaneous perspectives, inspired by the Dual Analysis approach
by Turkay et al. [TFH11]. The first perspective, shown in Fig. 1A,
supports per-attribute frequency-based analysis, such as the preva-
lence of responses with neutral-valenced responses to Q2-Q4 (R1).
The second perspective, shown in Fig. 1B, supportsitem and inter-
attribute analysis across all or a selected subset of attributes, for
instance, the degree of similarity in female responses to Q2-Q4
(R1, R3). In the following, we demonstrate our method using a
synthetic dataset inspired by a survey on sense of belonging in com-
puter science conducted by colleagues in our institute. The dataset
contains a gender attribute with three levels (female, male, other),
two self-assessment questions on one’s abilities in informatics, and
one question about the perception of the effect of gender on one’s
informatics abilities. For a demonstrationof our method’s interac-
tions we refer to the video included in the supplementary materials:
https://osf.io/uz2jv/.

3.2. Explore and Analyze Attribute Levels

Understandingindividual attributes, the value range, and the value
distribution of a multidimensional categorical dataset is a useful
starting point for an overview and hypothesis formation on possible
attribute relations before in-depth analysis. For instance, in our
dataset, female aligns with a negative sense of one’s abilities in
informatics (Q2, Q3) and a positive, i.e., agreeing, perception that
others think females are less competentin informatics (Q4).

Ilustrated in Fig. 1A, we provide an overview of the data at-
tributes, their levels (values that an attribute can have), and the at-
tribute levels’ counts (how many times this level appears in the data)
(R1). While some online surveys may include tens of thousands
of responses, our approach is designed to supportsurveys of up to
approximately 1000 individuals, the standard polling size in polling
agencies such as Quinnipiac [Qui23]. Inspired by Atom [PDFE17],
a grammar for unit visualizations, we display responses througha
set of dot plots [Wil99], chosen to signify the responses of individu-
als rather than the masses (R4). We create one dot plot per attribute,
and the plots are vertically aligned and labeled with the attribute
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levels. For each plot, one dot corresponds to one item, i.e., an indi-
vidual survey respondent,and we employ a force-directed layout to
center items at their respective level selections. This design allows
for a facile confirmationin Fig. 1A that female respondentsanswer
negatively to Q2 and Q3. The attribute view supports interaction
techniques (R2), discussed in detail in Sec. 3.4, thatinclude attribute
subsetting, attribute level merging, and attribute weighting.

3.3. Explore and Analyze Items and Inter-Attribute Relations

Sparsity and redundang are key characteristics of multidimensional
categorical data [DJP*24]. While such datasets have a large possi-
ble combinatorial space, comparatively few combinations usually
materialize, and even fewer are unique combinations. Our approach
supports rapid identification and similarity assessment of items
with unique combinations of attribute levels using grouping and
positioning strategies. Inspired by the framework by Paulovich et
al. [PAvdE25] that unifies dimensionality reductionand graph draw-
ing, we display unique groupings and their relations (R1, R3) using
a Hammingball [AJS24 ]—an ego network [EPF*24] with links de-
fined by Hamming distances [BKRO02 ]. We use such an ego-centric
approach for its ability to provide nuanced and reliable similarity
exploration and analysis of all items from different perspectives
(R3). While the traditional Hammingball is static and limited to a
specific fixed focal point, our method offers interactivity for explo-
ration and analysis of survey data from the perspectives of different
focal points (R2).

Ego Hamming network construction. We consider all unique
level combinations in data as network nodes. The links between
nodes, i.e., the network edges, encode their mutual Hamming dis-
tances [BKRO2 ]. The Hamming distance between a pair of nodes
is the number of attributes where these nodes have differing levels.
Identical nodes, i.e., nodes with the same attribute levels, have pair-
wise Hamming distances of 0. Survey data often consist of both
ordinal and nominalattributes. To enable similarity analysis of items
represented as combinations of ordinal and nominal values (R3),
we distill such multidimensional categorical data to their nominal
properties and focus on whether responses differ, rather than on the
degree of their differences (in the case where such a degree can be
considered at all). Reducing the complexity of these data is a neces-
sary compromise to support their item-similarity analysis. As in the
attribute view, we encode each item as a dot to signify individuals’
responses and to supportresponse characterization at the individual
item level (R4). Items with identical attribute level combinations
are visually grouped together into a larger disk element, i.e., a node,
which represents a unique set of attribute levels (R3). In our demon-
strative dataset, each dot represents a survey participant, and each
node represents a group of participants who answered the survey
identically. To allow rapid identification of items in relation to the
levels of a specific attribute (R6), the user may set a key attribute.
This attribute is then double-encoded with hue, as shown in Fig. 1B
where gender levels are colored. By default, this key attribute is
included in the Hamming distance calculations, meaning that differ-
ences in this attribute display in the network. The user may exclude
this attribute from the network calculations if desired (R2).

Ego Hamming network layout. To manage visual clutter and
ease exploration, we do not display the network’s edges explicitly

and instead encode relations between nodes througha spatial layout,
specifically a layered node-link representation [EPF*24] (R3). At
the top of the network, i.e., layer 0 with a Hamming distance of
0, we place a focal node: a specific reference node selected among
the network’s nodes. By default, we select the group with the high-
est number of items as our focal node, i.e., the ego node. This
immediately surfaces the most common response set from survey
participants. Each subsequentlayer contains nodes thatincrementby
a Hammingdistance of 1 from the focal node. As we traverse down
the network, the nodes contained in the layers become increasingly
dissimilar in relation to the focus node.

We support interactive user selection of a new focal node for a
new similarity assessment (R2, R3), which subsequently rebuilds
the network as shown in Fig. 2. Here, the user first selects a single
female node in level 1 for similarity assessment, then pivots the
space arounda set of male respondentsinitially placed in level 4.

All Hamming layers have the same width but differ in their
heights, and are separated with horizontal lines to clearly distin-
guish between different degrees of dissimilarity (R3). To optimize
space, we adjust the layers’ heights based on how many nodes they
need to accommodate. Layers may be empty, in which case they
are drawn as thin strips, as shown in layer 1 of Fig. 4. We draw the
numberof layers equal to the maximum Hamming distance between
a focal node and the remaining nodes. As the network grows down-
wards and (potentially) offscreen, we include scrolling functionality
to supportnavigation across all layers. In each layer, we use a spring
embedder system and the Fruchterman-Reingoldalgorithm [FR91],
chosen to provide parameters for the user to manipulate and steer
the embedding process based on their knowledge (R2). Our spring
embedder algorithm uses the Hamming distance to position more
similar nodes, i.e., nodes with lower Hamming distances, closer to-
gether and more dissimilar nodes, i.e., nodes with higher Hamming
distances, furtherapart (R3), as shown in Fig. 1B.

To show node and item metadata (R4), we follow the details-on-
demand paradigm [Shn03] and supplement the network visualization
with interactive tooltips that reveal, on hover, the number of items
in the node, item ids, and attribute levels.

Handle sparsity. In the initial network, the Hamming distance
from the focal node increases by one with each next layer. However,
multidimensional categorical data are sparse — often very sparse.
This sparsity can lead to many empty layers in a network as categor-
ical combinations of certain Hamming distances (in relation to the
focal node) are in fact absent in the data. To tackle this issue, we
supplement the item representation with a binning slider shown in
Fig. 3. By adjusting this slider, the user can choose the degree of sim-
ilarity they want to consider (R2). Fig. 3 shows how by setting the
slider value to two, we now consider nodes with Hammingdistances
of zero and one (relative to the focal node) as similar and group
them together in the updated layer 0. Similarly, nodes previously
placed in layers 2 and 3 are now in the updatedlayer 1.

Entropy map. We also supplement the items representation with
an entropy map, as shown in Fig. 1C. This way, we provide an
overview of the Ego Hammingnetwork and supportits navigation
(R3). The entropy map is a horizontal bar chart with each bar repre-
senting a layer of the Ego Hamming network. The height of a bar
encodes the quantity of the items belonging to the corresponding
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Figure 2: HamCat enables the user to select a node of interest as a focal node. Upon selection of a new node, the Ego Hammingnetwork
rebuilds revealing inter-group relationships from the perspective of the new focal node.

layer. The lightness of the bar chart conveys the entropy level of
the matching layer with darker hues visualizing higher entropy. For
each layer, we calculate entropy as

- ZiAZ]; p(lij) log, p(lij)

Nitems

H(layer) = ,
where A is the number of attributes, L; is the number of levels
for the i-th attribute, 1; j is the j-th level of the i-th attribute, and
p(lij) is the probability of l;; appearing in an item. This map allows
for the detection of empty layers as well identification of layers
with homogenous or heterogenous group nodes (R3). Additionally,
it immediately shows layers with only one node, as such layers
include only identical items. Furthermore,we can immediately infer
the size of such a single node from the height of the matching bar.
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Figure 3: Binning of items results in an adjusted entropy map and
Ego Hammingnetwork. This allows the user to handle the sparsity
of data and adjust the degree of similarity they want to consider.

3.4. Dynamically Adjust Attribute Levels and Strengths

The importance of integrating user knowledge in different visual
tools has been emphasized in numerousworks [EHR*14,SZS *17,
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AAA ™24, etc.]. Ourapproach follows this idea and enables the user
to bring in their expertise when studying the embedding. In the
following, we describe interactions offered by our approach that
allow the user to steer the embedding process (R2). Additionally,
we demonstratethe method’s interactionsin the video included in
the supplementary materials: https://osf.io/uz2jv/.

(De)select attributes and levels. The attribute representation
displays a dataset’s attributes and their levels along with each level’s
frequency. This view allows for rapid identification of attributes with
no variance across their levels and their further omission as non-
informative for an item-based similarity analysis. HamCat includes
checkboxes, shown in Fig. 1A, thatallow the user to select attributes
to include or exclude (R2). The methodalso includes checkboxes for
attribute level selection, shown in Fig. 1A (R2). By selecting specific
levels, the user may examine particular strata of respondentsin the
survey. Moreover, the user can specify responses to attention-check
questions that they consider inconsistent and suspect in the data to
surface respondents who fail these questions (R2, R7). Initially, our
method displays all attributes in the data. When the user deselects
or selects attributes or attribute levels, the Ego Hamming network
rebuilds according to this new selection. When the user deselects
an attribute, the dots of the matching dot plot fade out, as shown in
Fig. 4. The dots with reduced opacity serve as context and allow the
user to focus on the selected attributes [Hau06]. Deselection of a
key attribute does not affect the nodes’ composition in the network
and reflects only in the Hamming distances between them. When
the user deselects an attribute level, dots encoding items with this
level decrease in opacity across all dot plots, as shown in Fig. 4.
This visual response reveals how items with the deselected level are
distributed across all attributes’ levels.

Merge levels. The user may want to merge similar attribute lev-
els to simplify their analysis (RS), e.g., Likert scale responses of
the same attitudinal directions (“satisfied” and “very satisfied”,
or “dissatisfied” and “very dissatisfied”), or adjacent age groups.
HamCat supports such aggregation. For all dot plots, we position
each attribute level tick within a specific region outlined by dashed
lines, shown in Fig. 4. By dragging and dropping attribute level
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Figure 4: Gender and Q2 questions are deselected as well as “0” for Q3. The Ego Hammingnetwork reflects this selection.

ticks, the user can place them within the same region, shown in
Fig. 5 to treat the correspondinglevels as one attribute level. The
Ego Hamming network rebuilds accordingly. For instance, consider
two nodes in the network with two distinct attribute levels for a
certain attribute. Merging these attribute levels decreases the Ham-
ming distance between these nodes by one, and the network updates
accordingly. Merging can result in multiple focal nodes as in Fig. 5.
Here, the Hamming distance to deeper network layers is shown
relative to either focal node. This results in a network displaying
more coarsely-defined relations.

Adjust attribute strength. Among all attributes that survey data
offer, some may be of special interest, e.g., which define specific
groups of items, such as different age groups, countries or genders,
and may be main drivers of patternsin data. Our method supports
emphasis of specific attributes that can be used to form and compare
clusters of items (R2, R3). For each attribute in analysis, HamCat
includes a numeric inputbox, as shown in Fig. 1A, to specify the at-
tributes’ strengths. These translate into forces for the Ego Hamming
network layout computation. When the user adapts an attribute’s
strength, HamCat uses this strength to group the network’s nodes
based on this attribute. We base our clustering on attractive and
repulsive forces. Nodes with the same level for the emphasized at-
tribute attract while nodes with differing levels repel from each other
The definition of forces is described in more depth in Algorithm 1
in the supplementary materials.

3.5. Reveal and Manage Missingness

Our approach s flexibly designed to support missing data (R8), as
the absence of data may provide valuable insights [BH84], such as
systematic patterns of non-response or co-missing attributes. We
allow the user to globally select the upper threshold of data missing-
ness they would like to include in their analysis, ranging from 0%
(no missing responses) to a theoretical 100% (all missing responses).
This selection is afforded through a slider shown in Fig. 7A. By

default we consider only complete items, i.e., 0% missing. We also
display missingness per attribute, shown as the rightmost values in
the dot plots in Fig. 7B. For example, in our dataset with 40 items
(participants), questions Q3 and Q4 are missing one response each
from a male participant, yielding a missingness of 2.5% for each of
these attributes, as shown in Fig. 7B, lower part.

HamCatalso supports discovery of missing data in items across
both views. If notall data values are present, instead of a dot we use
a circular sector metaphorto indicate the fraction of values present
(full dot = 100%, half dot = 50%, quarter dot = 25%). For each
incomplete item, we consider all possible value combinations its
missing attributes could have, as this uncertainty can be important
for understanding potential limitations in the conclusions drawn
from attribute relations. Each combinationappears with the prob-
ability %‘, where C denotes all possible combinations. Figure 7C
shows a male participant who skipped Q3, represented in a pos-
sibility space of five nodes with circular sectors of lower opacity.
Sector opacity encodes its probability, in this case 20% since Q3
is a 5-pt Likert question. Hover interactions support inspection of
these metadata, as shown in Fig. 7C, and provide a highlight effect
by outlining all sectors belonging to the same item, in this case the
male participantwith one skipped response.

4. Case Studies

We implemented our method in a web application using
D3.js [BOH11] and Flask [Pal25]. The full source code is available
at https://githubcom/Annchovy/HamCat.git. The general workflow
across our case studies begins with an inspection of attribute re-
sponse distributions and an attribute-item similarity comparison in
the Ego Hamming network, guided by the entropy map to identify
layers of diversity and high respondentnumbersrelative to the fo-
cal node. The network is then adapted by merging and selecting
attributes / attribute levels, or by pivoting to a new focal node for
a new similarity comparison. Data missingness can be assessed to
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Figure 5: Illustration of merging attribute levels into coarse-grained “negative”, “neutral” and “positive” attitudes (left). HamCat
automatically recalculates Hammingdistances between nodes and updates the network view accordingly (right) to show gender node clusters
with similar attitudes. Here, the gender attribute has been excluded from network calculations and only encoded by hue.
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Figure 6: Adjustingthe strength of Q3 to 4.0 emphasizes differences
in responses to this question among response groups.

capture a more nuanced picture of the responses. We demonstrate
the use and value of HamCat through two case studies. The first
illustrates our method’s applicability by reproducinginsights from
a previous study, while the second showcases HamCat’s potential
throughan expert case study with colleagues in the UiB computer
science education research group.

4.1. European Social Survey on Wellbeing

Since 2001, the European Social Survey (ESS) [ESS25 ] is a biennial
cross-national survey on the attitudes, beliefs, and behavior patterns
of populationsacross Europe. A recent analysis focused on dimen-
sions of wellbeing of the survey participants [Eur23]. The analysis

report [Eur23] identifies broad dimensions of wellbeing across coun-
tries, and highlights the similarity of scores for the broad community
wellbeing dimension between Switzerland and Hungary. This di-
mension consists of five attributes with 3507 responses, i.e., items.
The attribute types include four unipolar Likert questions (ascending

© 2026 Eurographics - The European Association for Computer Graphics and John Wiley
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7- and 11-pt, where a high response is positively-valenced) and one
bipolar Likert question (descending 5-pt, where a low response is
positive-valenced). The report defines the scores for the community
wellbeing dimension as the averaged z-scores of all five attributes,
and does not discuss missing data. Our goal was to replicate the
report’s findings that (1) all five attributes yield responses similar
enough to be considered a coherent, broader dimension, (2) and
to confirm the findings that Hungary and Switzerland have mainly
positive responses. Figure 8 shows key steps of our analysis.

Using our approach, with countryas our (colored) key attribute as
in Fig. 8A, we achieved a clear visual distinction of the respondents
by country across individual attributes and the network view. We
quickly confirmeda high prevalence of positive responses across all
community wellbeing attributes through exploration of the attribute
representationand in the Ego Hamming network where the focal
node (the most abundantresponse set) has consistently positive an-
swers, as in Fig. 8B (R1). In Fig. 8B, layer 1 contains a Hungarian
response group that differs from the focal node group (Swiss) by the
country attribute. Deselecting this attribute in Fig. 8C allows for a
focused inspection of differences between the community wellbe-
ing questions. Fig. 8D illustrates the result of such deselection: the
Hungarian response group moved to layer 0, meaning its responses
across the community wellbeing questions are identical to those of
the focal node group. Furtherinspection of the network revealed that
the subsequent layers contain different intensities of primarily posi-
tive responses for both countries (R3). In Fig. 8D, the entropy map
shows that the positive-valenced responses in layer 0 constitute only
a small part of the whole response space. Since multidimensional
categorical survey data are sparse, layers with higher Hamming dis-
tances do not necessarily have a larger number of response patterns
and higher entropy. Layer 4, on the other hand, contains a large
and diverse group of responses (R3). We examined this group to
understand the source of diversity. Fig. 8E shows layer 4, where
we identified several responses with positive answers of varying
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Figure 7: Missingness handling in HamCat: (A) Global selection
of attribute missingness to include in analysis session, (B) trace item
missingess across attributes with per-attribute missingess quantifi-
cation, and (C) explore possibilities for missing items over entire
attribute space in Hammingview.

strength (relative to the focal node group). After merging options
into broader attitude categories in Fig. 8E, layer 0 demonstrates
positive answers across all five questions, while layer 4 contains
response groups with negative and neutral answers to any four of
the questions. Fig. 8E shows layer 4 after the merging, where we
detected inconsistent response patterns (R7). The ESS reportaggre-
gated the community wellbeing questions into a single score per
country, obscuring response group variation. HamCat, in contrast,
allows for a detailed investigation of response group heterogeneity,
size, and answer consistency. With our method, we show that the
responses from both countries are mainly positive. Inspecting the
Ego Hammingnetwork reveals that many respondentshave consis-
tent answers across the questions, which aligns with the treatment
of these questions as one dimension. However, we also identified
inconsistent response patterns, which may arise from inattentionor
carelessness and introduce noise into the data.
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Figure 8: ESS case study comparing communitywellbeing re-
sponses among Hungarian and Swiss participants [Eur23]. In (B)
and (E), green highlights indicate positive responses; red negative.

Focusing on responses from Switzerland (same five attributes,
1820 items, increased from 1493 in the complete response set)
to manage computational capacity, we included all incomplete re-
sponses to gain a more nuanced understandingof the conclusion that
Swiss respondents are overwhelmingly positive across questions
of community wellbeing (R8). We explored incomplete responses
in the resulting Ego Hamming network across all layers, choosing
layers with the emptiest nodes, for example, layer 4 shown in Fig. 9,
and inspecting their metadata. Through this inspection, we found
one combination occurred more frequently than others: pplahlp
(“Feel people in local area help one another”) and flclpla (“F eel
close to the people in local area”). Although the extent of this
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Figure 9: Comparing missing Swiss participant responses in ESS
study networklayer 4 [Eur23].

missingness is low, it can reveal subtle relationships between the
co-missing attributes. While the overall missingness in the data is
minorand does not substantially affect the analysis, its examination
can contribute to greater certainty in the conclusion by presentinga
more complete picture of responses.

4.2. Sense of Belonging in CS Higher Education

Our expert case study focuses on survey data on sense of belonging
collected by the UiB computer science education research group.
The survey dataset includes 22 attributes: a gender response and 21
Likert questions, and it consists of 130 items, i.e., responses from
students in computer science at our university who participated in
the survey. The Likert questions aim to capture the participants
comfort and sense of belonging in computerscience higher educa-
tion across several dimensions. The survey leaders are interested in
the following questions:

T1: Whatis the overall response space? (R1)

T2: How do the participants’ responses vary across genders? (R6)
T3: Are there inconsistent/ unexpected answers? (R7)

T4: Given responses of individuals to specific survey questions,
what are their responses to the remaining questions? (R2)

T5: What questions are left blank, what impact does this have? (R8)
T6: How do certain questions and respondentsrelate? (R3)

As a standardapproach, the experts use grouped bar charts to visual-
ize the responses to each question, with color encoding gender. This
communicates trends in the responses across all questions, and how
gender relates to these trends. However, this approach is limited to
the analysis of two attributes at a time and does not offer insights
into inter-item relationships. HamCat complements the standard
approach and extends the experts’ analytical capabilities.

Our study consisted of two sessions. The first session involved a
discussion of data and tasks with two experts, followed by a guided
walkthrough of the HamCatinterface. The second session involved a
one-on-oneinterview with an expert from the first session and lasted
one hourand 30 minutes. It consisted of a paired analysis session
combining hypothesis confirmationwith open-ended exploratory
data analysis, followed by the expert’s feedback.

Analysis. For our analysis, we considered gender as the colored
key attribute. Initially, the attribute and item representations pro-
vided an overview of the response space (T1). We first confirmed

© 2026 Eurographics - The European Association for Computer Graphics and John Wiley
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a patternidentified by the expert with their standard approach: fe-
males tend to answer negatively to questions Q5 (“I consider myself
good at informatics”) and Q6 (“I am capable of excelling at infor-
matics.”) . Selection of respondentswith negative answers to these
questions in the attribute view revealed the Ego Hamming network
composed predominantly of female respondents, confirming the
pattern (T2). Following the open-exploration process, the expert
chose to explore the response space for the selected sub-group of
respondents further (T4), focusing on self-assessment questions on
one’s abilities in informatics and the importance of informatics for
one’s future. After inspecting the resulting Ego Hamming network,
the expert merged options for several questions to focus on attitudi-
nal directions and adjusted the strength for one of those questions to
explore how the respondents were distributed across the attitudes.
The expert noted that respondents with negative answers to the
question were more dissimilar from the focal node group—which
answered positively—compared to the rest of respondents (T6), sug-
gesting distinct groups worth further investigation. Additionally, the
inspection of the respondentgroup with positive answers revealed
a node with a contradictory combination of attitudes for questions
Q3 (“Being good at informatics will be useful for me in my future”)

and Q2 (“Doing well in informatics is importantto my future suc-
cess.”), which the expert marked as an unexpected answer (T3).
This prompteda focused examination of the discovered deviation in
the response space, and through further interactions with HamCat,
we identified more unexpected responses, as illustrated in Fig. 10.

Entropy Map ?
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° . b
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attitudes in both Q2

and Q3 - expected

response

Ego Hamming Network 2

Hamming distance bins Bin size: O
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5: Strongly Disagree
g6: Strongly Disagree

® @ Cluster of females with Mol vl

Gender: female ° - 5
) K negative answers _posmve attitude
O : . inQ3and
& . across all questions ", negative attitude
included in analysis .
inQ2 -
3 unexpected
response

Figure 10: The Ego Hamming network resulting from the analysis

workflowin the expert-driven case study. The response space con-
tains a cluster of female respondents with negative responses to all

selected questions and unexpected response patterns.

The network surfaced a cluster of female respondents with nega-
tive answers to all selected questions, which the expert marked as
interesting. Moreover, the expert indicated unexpected response pat-
terns. The expert noted that they expected to see the same attitudinal
directions for both Q2 and Q3. However, we identified response
groups having positive attitudes for Q3 and negative for Q2.

Expert Feedback. Although the expert noted that HamCat ap-
pears complex in the beginning, they successfully interpretedthe
representations, such as a focal response group and its relations
to the other response groups, and used the interactive components,
such as attribute strength and focal node selection, further in the
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session. For example, for a focal node with a positive response to Q3,
after adjusting the level granularity and the question’s strength, the
expert noted that “what’ s interesting is that those who disagree [to
Q3], they don’t have any observations [responses] on level [layer]
1, 27 They marked this dissimilarity with regards to the focal node
as more significant compared to the other response groups. In the
beginning, the expert expressed their confusion about the initial,
arbitrarily selected, focal node. However, later they understoodits
function and were “basing the selection of the focal node ona hy-
pothesis,” such as selecting a node with positive attitudes for both
Q2 and Q3 (as an expected response pattern)to explore deviations
from this pattern. The expert merged response options and adjusted
question strengths to explore and analyze the response groups across
the merged attitudes, and commented on these interactionsas “very
useful” Since we were working with a complete dataset, we did not
have missing data to explore. We focused our analysis on a specific
block of questions and were able to observe the entire Ego Hamming
network at once, not requiring the entropy map for the network’s
overview. During the analysis session, HamCat not only confirmed
the pattern discovered by the expert with their standard approach,
i.e., grouped bar charts, but allowed for a detailed exploration and
analysis of the response groups. With our method we were able
to extend the analysis and enable inspection and identification of
interesting groups of respondents, their structures and relations, e.g.,
participants with the unexpected response pattern. This highlights
the potential of our method to generate new insights about response
patterns. The expert stated, “I would find it useful for my research,’
and expressed interest in continuingto work with HamCat.

5. Discussion

HamCat offers exploration and analysis of inter-attribute and -item
relations in multidimensional categorical survey data from the per-
spective of a specific reference point. With an ego-centric approach
we lose the general “global picture” of relations between responses
to a certain degree, but gain their detailed and reliable similarity
analysis in relation to the focal node group: embedding multidi-
mensional data into 2D inevitably results in informationloss. The
Ego Hamming network may lead to confusion about the dissimi-
larities between nodes located in differing Hamminglayers 1 - N
(number of attributes). However, HamCat is intentionally designed
to allow the user to view response space from the perspectives of
different response groups, and not for between-layer inspection of
similarities. To enable item analysis of multidimensional categorical
survey data, our approach uses Hamming distances and focuses on
capturing response differences. However, future work can explore
ways of incorporatingthe order of ordinal variables into the analysis
as befitting the intended tasks.

Scalability poses a challenge. HamCat is designed to support
up to approximately 1000 respondents, the standard polling size
in polling agencies such as Quinnipiac [Qui23]. For survey data

with more respondents, our method faces screen space constraints.

For example, accommodatinga larger number of participants in the
dot plots requires reducing the size of the dots, losing readability
below a certain threshold. However, our method has potential to
scale with an increasing number of items, e.g., a dotin a dot plot can
encode multiple items. In the Ego Hammingnetwork, we can include

Balaka, Hauser, Garrison / HamCat

zooming behavior similar to GenomeSpy [LOL *24], enabling a
gradual exploration of all nodes in the network by focusing on the
most importantnodes at each zoom level. Additionally, we can offer
interactive tools that allow the user to filter out nodes exceeding a
specified Hammingdistance, to ease exploration and analysis. The
force-directed layout limits the number of attributes and items in
the analysis. As the number of items and attributes increases, the
force-directed algorithm requires more time to converge and can fail
to produce intended clusters of items, demanding more advanced
techniques for larger survey data. Our currentapproachalso assumes
thatall combinations of missing attributes are equally likely. As a
result, the number of uncertainitems increases combinatorially with
every missing attribute, hence, more efficient methods are needed.
Future work can explore different probabilistic or constraint-based
models for determining possible values for incomplete items. The
expert in our sense of belonging case study noted early confusion
over the arbitrarily-selected initial focal node. Future work may
look into other meaningful criteria for initial focal node selection,
such as a clustering coefficient [SKO*07], or interactively allowing
the user to specify conditions for selection. Although HamCat does
not leverage the fact that survey questions are often semantically
grouped, future work can investigate their incorporation in, for
instance, similarity measures for items.

6. Conclusions

We presented HamCat, a novel method employing Hamming
distance-based similarity analysis for the visual exploration and
analysis of multidimensional categorical survey data. Based on a
Hamming ball and a force-directed layout, our method offers an
ego-centric, user-driven simultaneous analysis of inter-item and
inter-attribute relations. HamCat provides a nuanced visualization
even when answers are missing. While the standard methods remain
valuable tools for survey data analysis, these approaches offer only a
summarized representation of responses and do not capture detailed
inter-attribute and -item relations. The Hammingdistance and the
ego-centric approach show promise in extending analytical capabili-
ties for survey data exploration and analysis. We demonstrate the
potential of HamCat with two case studies: a survey on wellbeing
collected by the European Social Survey and a survey on sense of
belonging in CS higher education. In both cases, we could con-
firm earlier findings and show new information, demonstrating how
HamCat complements existing methods as a new way of conducting
survey data analysis, where the analysis of attributes and items is
conducted simultaneously between and within views.
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