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Abstract

Despite the widespread use of ordinal measures in HCI, such as
Likert-items, there is little consensus among HCI researchers on the
statistical methods used for analysing such data. Both parametric
and non-parametric methods have been extensively used within
the discipline, with limited reflection on their assumptions and
appropriateness for such analyses. In this paper, we examine recent
HCI works that report statistical analyses of ordinal measures. We
highlight prevalent methods used, discuss their limitations and
spotlight key assumptions and oversights that diminish the insights
drawn from these methods. Finally, we champion and detail the
use of cumulative link (mixed) models (CLM/CLMM) for analysing
ordinal data. Further, we provide practical worked examples of
applying CLM/CLMMs using R to published open-sourced datasets.
This work contributes towards a better understanding of the sta-
tistical methods used to analyse ordinal data in HCI and helps to
consolidate practices for future work.
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1 Introduction

Ordinal measures, such as Likert-item surveys, score-based ques-
tionnaires, and user preference rankings, are extensively used in
HCI research. These measures enable researchers to gather quan-
titative estimates of users’ subjective perceptions, psychological
states, attitudes, preferences, judgements, and traits, allowing direct
comparative analysis between experimental conditions, otherwise
impossible through qualitative data alone [60]. Despite the ubiquity
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and pertinence of such measures in HCI, there is a lack of consen-
sus on the current statistical methods used to analyse such data.
This has potential long-term consequences that can hinder HCI
researchers from aggregating, contrasting, and replicating findings
derived from ordinal data.

Both parametric and non-parametric statistical methods are fre-
quently encountered for analysing ordinal data in the HCI literature.
Parametric methods, such as the one-way repeated ANOVA test,
offer more statistical power when compared to their commonly
used non-parametric counterparts, such as the Friedman test. How-
ever, this increase in statistical power of parametric methods comes
at the cost of stronger assumptions, typically on the distribution,
ordering, and interval spacing of the data. Previous work has raised
significant concerns in analysing ordinal data with parametric meth-
ods [12, 37]. However, these concerns largely stem from the metric
(ordered and evenly spaced intervals) handling of ordinal data in
widely used methods, as opposed to the method’s parametric nature.
Analysing ordinal data with metric assumptions has been shown to
increase Type I (false positives) and Type II (false negatives) errors,
and even inverse the estimated means between groups [43].

Comparatively, non-parametric methods impose fewer assump-
tions on data distribution and interval spacing. Importantly, most
non-parametric methods do not treat ordinal data as metric, and are
therefore seen as appropriate for analysing such data [36, 37, 55].
However, non-parametric methods are less sensitive, and could
prevent researchers from detecting existing effects [58]. More-
over, ongoing debate regarding the metric/non-metric nature of
data derived from ordinal measures, such as aggregated Likert
scales [13, 49], further complicate the selection of appropriate meth-
ods. These challenges are particularly salient in HCI, where limited
discourse [37, 60] and the conflation of concepts such as ‘metric’
and ‘parametric’ have produced inconsistencies in the statistical
analysis of ordinal data.

Such methodological disagreement in HCI research can lead to
the propagation of erroneous insights, prevent methodologically
distinct but related studies from being cross-examined, and hinder
the process of deriving theory from empirical results. To address
these issues, we survey current HCI literature to better understand
the different statistical methods used for analysing ordinal data.
We discuss the underlying mechanisms and assumptions used by
frequently used methods in HCI, and deliberate on their appropri-
ateness for handling ordinal data. We then spotlight and promote
the use of cumulative link (mixed) models, or CL(M)Ms, that ap-
propriately treat ordinal data as categorical while leveraging the
inherent ordering between the categories. We explain the intuition
and theory behind CL(M)Ms and detail its use and interpretation
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through a practical demonstration on open-sourced HCI datasets
using R.

We show that despite past criticisms of analysing ordinal data
with metric assumptions, they continue to be frequently used in HCI
research. This includes frequently used parametric tests with known
metric assumptions, as well as commonly used non-parametric
methods often regarded as appropriate for ordinal data. Our find-
ings and discussion serve to better inform HCI researchers of the
assumptions and pitfalls in current practices employed for statisti-
cally analysing ordinal data. Finally, our description of CL(M)Ms
and demonstration of its application using R on past open-sourced
HCI data provide researchers with the information needed to ap-
ply and interpret such methods — previously considered overly
complex and inaccessible to HCI researchers [65].

2 Background
2.1 Ordinal Measures, Likert-scales, and HCI

Ordinal measures are categorical data that have inherent order-
ing. Take, for example, a survey item that asks participants to rate
how satisfied they were with using a new image editing software
on a scale of 1 to 5, with 1 being ‘Very dissatisfied’ and 5 being
‘Very satisfied’. The participant’s response — a whole number score
between 1 and 5 — is an ordinal measure that clearly indicates better
user satisfaction as the rating goes up. However, ordinal data carry
no metric information. This means that the distance between
ordinal levels may not be equal, and the labels are purely categorical
with known ordering. As such, the levels 1 to 5 in our example can
be replaced by any other set of ordered categories, such as A to E
or non-contiguous numerical labels (e.g., 1,2,7,16, and 41), without
any loss of information. However, this also suggests that typical
statistical methods that involve arithmetic operations to analyse
or describe data, such as the data average, cannot be meaningfully
interpreted when applied to ordinal data [45].

Despite such inhospitable properties to arithmetic operations,
contiguous numerical labels continue to be the most frequently
used labels for representing different levels of ordinal data. This
numerical representation often leads ordinal data to be interpreted
as an interval or ratio scale. However, the appropriateness of treat-
ing ordinal data, and data derived from ordinal measures, as met-
ric has stirred considerable debate across multiple scientific disci-
plines [13, 37, 43, 45, 60] that has spanned nearly a century [59].

This has not deterred the use of experimental methods that gen-
erate ordinal data in scientific disciplines. HCI research, for example,
widely makes use of ordinal measures in Likert-scales, surveys and
questionnaires, such as the NASA-TLX [33] or the system usability
scale (SUS) [8]. Likert scales for instance, consist of multiple related
survey items (or Likert items), each with an ordinal response. Their
widespread use in multiple disciplines, including HCI, psychology,
economics, and medicine, among others [43], places them at the
heart of the dispute surrounding ordinal data analysis. Despite these
challenges, Likert scales are invaluable for collecting quantitative
estimates of subjective phenomena otherwise unobtainable through
qualitative data alone [60].

Likert scales present an additional dilemma to researchers, i.e.,
to analyse the scale as a single entity or to analyse individual Likert
items. The prescribed method for analysing responses to Likert
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scales, as per Likert himself [44], was to aggregate (sum or average)
responses to individual Likert items prior to analysis. This treats
the data as metric, imposing assumptions so as to meaningfully
apply arithmetic operations for analysis. Numerous prior works,
in various disciplines, have criticised this approach [36, 43, 45],
stating that averaging ordinal data cannot produce interval scaled
values. Others, however, have argued that aggregated ordinal data
is perfectly suitable for metric interpretations, and can be analysed
using metric models given their robustness [13, 14, 55].

In contrast, researchers largely agree that individual Likert items,
and Likert-type items [37] (single survey items with ordinal re-
sponses that are independent of Likert scales), should not be sta-
tistically analysed using metric models [13, 14, 37]. Liddell and
Kruschke [43] present strong arguments against treating averaged
Likert scales and Likert-type items as metric, and demonstrate that
the intuition behind the interval interpretation of averaged ordinal
data is wrong. These disputes are ongoing, and we refrain from
prescribing any single interpretation. Instead, we highlight these
disputes to demonstrate the extent and persistence of the disagree-
ment surrounding ordinal data analysis, which continues to hinder
analytical consistency and reproducibility within HCL

Additionally, HCI research also frequently employs methods
other than Likert scales and Likert-type items that generate ordinal
data [23]. A less obvious example of data interpretable as ordinal in
HCI is that of a pre-/post-experiment test on topic understanding
that results in a numerical score. While such a test score within a
bounded numerical range (say range represented by R) intuitively
seems to be metric, there is no guarantee that a score increase from
x to x + 1 represents the same level of increase in understanding
as a score increase from y to y + 1 (where {x, y} € R), as this would
imply that all questions are equally difficult for all students. The
extensive use of ordinal measures in HCI, combined with the in-
conclusive disputes surrounding its treatment, warrants a deeper
reflection on the recent methods used to analyse ordinal data in
HCI research. While past work has provided insights into specific
HCI subtopics [60] and suggestions for analysing ordinal data in
HCI [37, 65], there has been little reflection on the frequency of
use of ordinal measures, the methods used to analyse them, and
methodological consensus within the field.

2.2 The Parametric versus Non-parametric
Debate

While concerns about ordinal data analysis primarily stem from
metric assumptions, the widespread use of parametric methods that
impose these assumptions has led prior work to discuss metric and
parametric concepts interchangeably. Consequently, much of the
debate surrounding ordinal data has regrettably shifted towards
the appropriateness of parametric and non-parametric methods
for analysis. For instance, commonly used parametric models in
HCI, such as ANOVA and Student’s t-test, place assumptions on
the distribution of the data to enable meaningful statements to be
made around arithmetic estimates, such as the mean and standard
deviation. This makes such models appropriate when data can be
interpreted as interval or ratio scale. In addition, these methods are
not invariant to monotone transformations, i.e., transformations
that change the absolute magnitude of the data while preserving
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relative order. This makes them unsuitable for analysing ordinal
data, as ordinal data contain no metric information, and any changes
to the magnitude of scale labels should not affect analysis results.

In contrast, most non-parametric models do not impose similar
assumptions on data distribution, and are invariant to monotonic
transformations. Instead, non-parametric models frequently en-
countered in HCI, such as the Friedman test, transform the data
into relative ordered ranks to further process for insights. For ex-
ample, the ordered data sets of {5, 2, 3} (ordinal levels: 1 - 7) and {D,
B, C} (ordered levels: A - G), will be ranked as {3, 1, 2}. This makes
non-parametric models agnostic to changes in magnitude as well;
distinct data groups containing {7, 1, 2} and {5, 1, 2} will similarly
be ranked as {3, 1, 2} regardless of how much greater 7 is to 5 in
the original data. Consequently, these methods are less sensitive to
detecting effects when compared to their parametric counterparts,
as the former ignores differences in magnitude entirely. However,
they are considered appropriate for ordinal data analysis as they
impose less stringent assumptions [60].

In addition to sensitivity concerns, there is also a lack of accessi-
ble non-parametric methods for analysing multi-factorial experi-
mental designs for HCI researchers. Prior work has addressed this
challenge by highlighting existing methods and providing access to
tools that enable non-parametric data analysis for multi-factorial
designs [37, 65]. For instance, Kaptein et al. [37] highlights existing
non-parametric methods used in the medical field for analysing
Likert-type item data. Similarly, Wobbrock et al. [65] introduces
the aligned ranked transform (ART) method that enables practi-
tioners to apply familiar and powerful multi-factorial ANOVA tests
on transformed non-parametric data. Despite these efforts, there
is still little consensus within the HCI discipline on how to best
analyse ordinal data [23].

A largely neglected concern with using non-parametric methods
for ordinal data analysis within HCI relates to test-specific assump-
tions. Specifically, while non-parametric methods can be used to
analyse ordinal data without imposing the normality assumption
(i.e., assuming that the residuals are normally distributed), they
may still assume metric data. Non-parametric methods, such as the
Wilcoxon Rank Sum Test ! or the Friedman Test 2, are examples
of tests that do not assume normality of residuals or metric data.
Therefore, these methods do not violate any of the properties of
ordinal data, but do ignore the difference in distances between ordi-
nal levels, which may reduce statistical power. In contrast, methods
such as the Quade Test or the Wilcoxon Signed Rank Test for paired
samples first calculate the paired differences prior to assigning ranks.
This makes these tests unsuitable for strictly ordinal data as they
perform arithmetic operations on data with no metric informa-
tion [39]. Similarly, while it is suggested that the ART method can
be used for ordinal data analysis [65], the process of ‘aligning’ or
transforming the data in ART requires the calculation of averages
and residuals from the unaltered ordinal data, and, as such, imposes
metric assumptions on the data that may not be suitable for ordinal
data.

Imposing such assumptions is unlikely [59] to be problematic
by themselves, provided the assumptions and possible drawbacks

Iranks data points across both samples to be compared
2ranks data points within each repeating block across all levels of a factor
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are made explicit to readers. However, more recent approaches
have been developed that are specifically designed to leverage the
information held by ordinal data, without imposing incompatible
assumptions on the data, such as with the use of cumulative link
(mixed) models, or CL(M)Ms. The availability of these methods,
along with software and programming tools that make these meth-
ods more accessible and practical to use, presents an opportunity
to reconcile ordinal data analysis practices in HCI and move closer
to more robust, theoretically informed, and reproducible findings.

3 Review of Ordinal Analysis Practices in HCI

To understand current methodological practices for analysing ordi-
nal data in HCI, we conducted a review of recent research articles
published in the proceedings of the ACM CHI Conference on Hu-
man Factors in Computing Systems (CHI). We chose CHI based on
its reputation as the flagship conference for HCI research, and its
broader representation of HCI topics (unlike more focused venues,
such as ISMAR or Ubicomp).

3.1 Sampling

As our aim was to understand recent statistical approaches for or-
dinal data analysis in HCI, we restricted our search to the year
2024 and used a broad search string: [All Field: (“questionnaire” OR
“likert”)]. We also limited our search to full papers. We included
papers that conducted user studies and reported statistical analyses
of ordinal data. We excluded papers that (1) did not include ordinal
data, (2) focused on scale development and not on generating in-
sights from analysing ordinal data, and (3) did not report analyses
of included ordinal data beyond summary statistics.

Our search resulted in 558 papers. We randomly sampled 100
papers from the search results for full-text analysis. From the 100
sampled papers, we excluded 6 papers, resulting in a final sample
of 94 papers (details of the review steps are presented in Figure 1).
For each paper, we recorded all ordinal measures collected and
the associated construct. We then recorded the statistical method
used to analyse ordinal measures related to each construct. Note
that a single paper could report multiple studies, and each study
may collect multiple ordinal measures that may be analysed using
multiple statistical methods. All extracted data can be found in our
supplemental material.

3.2 Findings

We separate our findings into three categories of statistical analysis
methods; (1) statistical methods used to mathematically represent
the data, and can be used for parameter estimation and outcome pre-
dictions in addition to hypothesis testing — predictive modelling,
(2) statistical methods used primarily for hypothesis testing involv-
ing multiple factors and/or more than two groups — omnibus tests,
and (3) statistical methods used primarily for hypothesis tests be-
tween two groups, or for performing multiple two group comparisons
with corrections 3 (such as the Bonferroni correction) — pairwise
comparisons/multiple pairwise comparisons.

3Note that we do not extract data related to the specific corrections used during
multiple pairwise comparisons
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558 papers imported l- | 458 random sampling 1
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100 full-text papers 6 papers excluded

assessed for eligibility —)

1Scale Development

1No Ordinal Data

4 No Statistical Analysis

94 papers included

Figure 1: Overview of our review process detailing each step
reported as per the PRISMA guidelines [47]. We randomly
sampled 100 papers from our initial search result of 558
papers. The full text of all 100 papers was screened for eli-
gibility. Six (6) papers were excluded, and the remaining 94
papers were included in our final sample.

Predictive Models
PROCESS Model 7 [ 1
Generalised Linear Mixed Model 1

Cumulative Link Model  [me—D

~

Linear Reg ion Model

Cumulative Link Mixed Model 8

Linear Mixed-Effects Model 9

Frequency

Figure 2: Frequency of different predictive models reportedly
used for ordinal data analysis in our sample.

Predictive modelling. Only 28 instances of predictive mod-
elling were reported for ordinal data analysis in our sample. Fig-
ure 4 shows the frequency of the different reported models used
in our sample. Eight analyses used the Cumulative Link Mixed
Model (CLMM), 2 used the Cumulative Link Model (CLM), 3 uses of
the Generalised Estimation Equation, 1 use of Generalised Linear
Mixed Model (with a logit link function — not cumulative logit
which would class it as a CLMM), 9 instances of Linear Mixed-
Effects Models, 4 Linear Regression Models, and 1 analysis using
the PROCESS model 7 [34].

Omnibus tests. A total of 257 omnibus tests were reported to
be used for ordinal data analysis in our sample. Figure 3 shows
the frequency of the different reported tests. Parametric meth-
ods comprised 71 reported uses of various Analysis of Variance
(ANOVA) tests, including 17 independent-sample ANOVA, 37
repeated-measure ANOVA (ANOVA-RM), 6 mixed-effects ANOVA
(ANOVA-ME), 1 Analysis of Covariance (ANCOVA), and 10 mul-
tivariate ANOVA (MANOVA). Reported non-parametric methods
include 60 reported cases of the ART method to transform data
prior to ANOVA analysis [65] (ART-ANOVA), 70 analyses using
the Kruskal-Wallis test, and 56 analyses using the Friedman test.
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Omnibus Methods
ANCOVA 1
ANOVA-ME 6
MANOVA [r—1

ANOVA [— ] 7

ANOVA-RM 37
Friedman test 56
ART-ANOVA 60
Kruskal-Wallis test 70
Frequency

Figure 3: Frequency of different omnibus tests used for ordi-
nal data analysis in our sample.

Pairwise Comparison Methods

Kolmogorov-Smirnov test 1
Games-Howell test 1
Nemenyi test 2
EMMs Comparison 3
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Wilcoxon Rank Sum test  [se——— 3 4
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Paired t-test 54
Wilcoxon Signed Rank test 161
Frequency

Figure 4: Frequency of different pairwise comparisons re-
portedly used for ordinal data analysis in our sample.

Pairwise comparisons. 309 pairwise comparisons were report-
edly conducted for ordinal data analysis in our sample. Figure 4
shows the frequency of the different reported tests. Parametric
tests were dominated by paired (54) and independent-sample t-
tests (30), with a minority employing the Tukey Honest Significant
Difference (Tukey HSD) test (7). Non-parametric tests primarily
consisted of the Wilcoxon Signed Rank test (61) for paired samples,
and the Wilcoxon Rank Sum test (34) for independent samples.
Other non-parametric tests observed include the Chi-squared test
(5), the Dunn test (28), the Conover test (11), Games-Howell test
(1), the Kolmogorov-Smirnov test (1), the Nemenyi test (2), and the
ART-Contrast tests (33) following the ART-ANOVA tests. Addition-
ally, we found three (3) instances of pairwise comparisons based on
estimated marginal means (EMMs Comparison). Note that ‘EMMs
Comparison’ is not a single statistical test, but refers to post-hoc
pairwise comparisons of estimated marginal means derived from a
fitted model [42]—observed following 1 GLMM and 2 CLM model
fits in our sample 4. Finally, we found multiple post-hoc tests in our
sample that did not specify the exact test used and simply referred
to pairwise comparisons as ‘post-hoc analysis/test’. This accounted
for 39 instances in our sample, labelled as ‘unspecified’.

3.3 Discussion

An undecided discipline: Our review demonstrates the use of
numerous statistical approaches for analysing ordinal data in HCI

4We classify ‘EMMs Comparison’ as parametric because estimated marginal means
depend on model parameters. However, it can also be applied in non-parametric
contexts, such as post-hoc comparisons following an ART-ANOVA model fit
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Figure 5: Sankey diagram showing the progression of statistical procedures applied to constructs measured with ordinal data.
Methods are displayed in sequence from predictive models (left), to omnibus tests (centre), to pairwise tests (right). Bars labelled
‘No’ indicate constructs for which no method was reported in that category. Red nodes indicate statistical methods that impose
incompatible assumptions with ordinal data, blue nodes represent ordinal data compatible methods, yellow nodes represent
methods whose appropriateness for analysing ordinal data is dependent on specific factors (such as the link’ function used),
and grey nodes represent absent methods in that specific category. As seen in the Figure, our sample reported limited use of
predictive models (No model reported), and most models and omnibus approaches were not frequently used together (most
models have links to ‘No omnibus test reported’). The Figure also clearly highlights a lack of consensus within the field; with
no clear direction of which method, or sequence of methods, should be used to analyse ordinal data.

research. Both parametric and non-parametric methods continue to
be frequently used, with non-parametric approaches outnumbering
parametric approaches (362 > against 165° respectively, excluding
unspecified pairwise comparisons and predictive models; as models
are dependent on the link function used). The increased use of non-
parametric methods suggests a trend towards adopting approaches
that impose fewer assumptions on ordinal data for analysis. How-
ever, we observed 154 cases of the use of the non-parametric ap-
proaches that assume data to be metric. These include 60 cases of
the ART-ANOVA test, 33 cases of the post-hoc ART-Contrasts test,
and 61 cases of the Wilcoxon signed rank test. This suggests that a

560 ART-ANOVA + 70 Kruskal-Wallis tests + 56 Friedman tests + 33 ART-Contrast
+ 5 Chi-squared test + 28 Dunn test + 11 Conover test + 1 Games-Howell test + 1
Kolmogorov-Smirnov test + 2 Nemenyi test + 34 Wilcoxon Rank Sum test + 61 Wilcoxon
Signed Rank test

917 ANOVA + 37 ANOVARM + 6 ANOVAME + 1 ANCOVA + 10 MANOVA + 3
EMMEANS + 30 independent t-test + 54 paired t-test + 7 Tukey HSD

total of 319 out of 527 tests in our sample (excluding models and
unspecified pairwise comparisons) impose metric assumptions on
ordinal data. It is unclear if this is the result of widespread mis-
interpretation of the term ‘non-parametric’ to also exclude metric
assumptions on the data or an informed decision to treat ordinal data
as metric. In either case, this presents a challenge for future scholars
in consistently interpreting, contrasting and building upon findings
related to ordinal data that rely on different data assumptions. To
better inform practitioners, we present the relevant assumptions for
ordinal data analysis of the different hypothesis tests (omnibus and
pairwise comparisons) found in our sample in Table 1. The table
excludes predictive models as their assumptions are dependent on
additional factors, such as the ‘link’ function used.

Inconsistent successive assumptions: Our findings further
reveal that current HCI practices for analysing ordinal data may
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Omnibus or Pairwise Method Category Experimental Design Metric Data Normal? tsys l;?fl{):s(i):lluals Equal Variance
Wilcoxon Signed Rank test [39, 63] Pairwise Within-Subject Design v X X
Wilcoxon Rank Sum test [63] Pairwise Between-Subject Design X X X
ART-Contrasts [25] Pairwise Mixed Design v X X
Dunn test [22, 24] Pairwise Between-Subject Design X X X
Conover test [19, 20, 54] Pairwise =~ Between/Within-Subject Design X X X
Chi-squared test [52] Pairwise Between-Subject Design X X X
Nemenyi test [48] Pairwise Within-Subject Design X X X
(Ranked) Games-Howell test [30, 57]  Pairwise Between-Subject Design X X X
Kolmogorov-Smirnov test [4] Pairwise Between-Subject Design X X X
Kruskal-Wallis test [40] Omnibus Between-Subject Design X X X
ART-ANOVA [65] Omnibus Mixed Design v X X
Friedman test [28] Omnibus Within-Subject Design X X X
v v v

Sampled Parametric Methods — -

Table 1: Table detailing common assumptions relevant to ordinal data analysis for omnibus and pairwise methods found in
our sample. The table lists the category of the statistical method, the experimental design that generates data suitable for
the method to analyse, and the assumptions that the method imposes. The table primarily details sampled non-parametric
methods, as all parametric omnibus & pairwise tests in our sample (not all existing parametric methods) assume metric data,
normality of residues, and equal variance — and are hence collectively represented by the last row. Notably, this table highlights
frequently used non-parametric methods in HCI that exhibit incompatible assumptions on ordinal data. Specifically, the
Wilcoxon Signed Rank test, the ART-Contrasts and the ART-ANOVA impose metric assumptions on the data (via the use of
arithmetic operations on unranked data). Note that this table excludes approaches that we categorize as predictive models (e.g.,
CLMs or GLMs), as their assumptions depend on additional factors such as the ‘link’ function.

impose inconsistent data assumptions across the sequence of sta-
tistical procedures applied to ordinal data within the same study.
Take, for example, the pairwise tests following a Friedman test (ap-
propriate for repeated-measure non-parametric data) in our sample
as depicted in Figure 5. This includes the Wilcoxon Signed Rank
test, the Conover test, the Games-Howell test and the Nemenyi
test, among additional unspecified tests. These tests are all ap-
propriate for analysing non-parametric data generated through a
within-subject experimental design. However, they differ in their
treatment of the data, and may unintentionally impose assumptions
incompatible with ordinal data that was initially avoided in the
preceding omnibus test. For instance, the most frequently used
test following the Friedman omnibus test in our sample was the
Wilcoxon Signed Rank test, which assumes metric data, unlike its
preceding omnibus test (see Table 1). This inconsistent treatment
of ordinal data within individual sequences of analyses further
complicates the interpretation of ordinal data analysis, which is
already challenged by the parametric and non-parametric debate.
Such inconsistencies warrant a change in the current statistical
methods used for ordinal data analysis within HCI, prompting the
need for methods that address the concerns stemming from over-
or under-estimating the information present in ordinal data [11].

Ordinal first modelling: Specifically designed predictive
modeling techniques, known as ordinal regression models (e.g.,
CL(M)Ms), provide greater statistical power than non-parametric
approaches while avoiding the incompatible assumptions of com-
monly used parametric methods in HCI, such as ANOVAs. They
achieve this by leveraging the ordinal structure of the data without
assuming equally spaced intervals between categories. However,

such models see limited application in HCI (see Figure 2). A pos-
sible explanation for such limited use, is the focus on the use of
ordinal data for hypothesis testing in recent HCI work, as corrobo-
rated by the disparity between the frequency of hypothesis tests
(omnibus and pairwise tests) and predictive modelling methods in
our sample (Figures 3, 4, and 2). This could further be explained
by previous challenges in understanding, interpreting and apply-
ing predictive modelling methods in HCI research [65]. However,
we argue that recent developments in statistical analysis software
have made these methods increasingly more accessible and easy
to apply. To better inform HCI practitioners in understanding and
using the methods, the following sections describe the proposed
CL(M)M modelling technique, and presents worked examples using
CL(M)Ms to analyse ordinal data in published open source HCI data.
We additionally provide an interactive tool in our supplementary
material to illustrate a simple CLM model.

4 Cumulative Link (Mixed) Models

Cumulative Link (Mixed) Models, or CL(M)Ms, are a class of Gen-
eralised Linear (Mixed) Models that are designed for ordinal regres-
sion. Throughout this paper, we will often use the term ‘CL(M)M’
to refer to both cumulative link models (CLMs) and cumulative link
mixed models (CLMMs). Specifically, CLMs are appropriate when
only fixed effects are of interest and observations can be assumed
to be independent. In contrast, CLMMs extend CLMs by incorpo-
rating random effects, allowing them to account for grouped or
hierarchical data in which the independence assumption is violated
(e.g., repeated-measures experimental designs). These models ap-
propriately treat ordinal data as categorical, while exploiting the
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ordered nature of the data [17]. Given such advantages, these meth-
ods are increasingly encouraged and used for modelling ordinal
data in diverse fields of research, including psychology [11, 29, 43],
econometrics [38], machine learning [64], and health [15]. Despite
the advantages of CL(M)Ms, they have been largely overlooked in
HCI, due to challenges in understanding, interpreting and applying
these methods [65]. As with all statistical methods, CL(M)Ms come
with their own set of assumptions that are important to understand
and consider prior to their use. With the increasing availability of
software packages capable of performing ordinal regression using
CL(M)Ms [2, 17] in popular statistical tools, such as Stata, R, and
Python, this section provides an intuitive description of the the-
ory and assumptions of CL(M)Ms in the context of HCI research.
Readers already familiar with CL(M)M theory and assumptions, or
those interested primarily in practical applications of CL(M)Ms for
HCI data, may skip to Section 5.

4.1 Intuition

Say that we are interested in the effect of adding a new feature to
our system (e.g. faster screen frame rate) on an element of user ex-
perience (e.g. spatial presence in virtual reality). In an ideal scenario,
we would have a tool that could directly measure a user’s sense of
spatial presence, giving us a continuous and normally distributed
measure that we could analyse using a familiar method, such as an
ANOVA. Figure 6 illustrates this ideal scenario.

L4 VAN
&8 I+ i

Figure 6: Ideally, we could directly measure a user’s sense of
spatial presence from their thoughts (LEFT). If the measure
is continuous and normally distributed (RIGHT), it would
enable us to use familiar metric models of statistical analysis
and comparisons.

However, constructs such as spatial presence are not directly
observable, and consequently, require us to use proxy measures. Of-
ten, Likert-item styled questionnaires are used, where users provide
a rating of spatial presence on an ordinal scale. Unlike metric data,
ordinal data do not exhibit equal distances between ratings, i.e., the
ordinal values of 3 — 2 and 5 — 4 may not be equal, even if they seem
to arithmetically equate to 1 due to the use of contiguous numerical
labels. As such, ordinal values cannot be meaningfully analysed
using methods that rely on arithmetic operations. In the context
of our example, this means that we cannot estimate how much
more spatially present users were (on average) when using our
system with, and without, the new feature by subtracting the aver-
age ordinal responses for the different system conditions. Figure 7
illustrates these differences between the continuous representation
in our ideal case (left), and the ordinal measure collected in a real-
world context (right). In the ideal scenario, users’ spatial presence
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scores with and without the added feature form two normal dis-
tributions, and the average effect of the new feature is reflected
by the shift from the original distribution. In reality, however, we
can only collect user spatial presence measures via ordinal ratings
on a predefined scale (say from 1 to 5), resulting in distributions
of ordinal data (right) that is far from normal, and whose effect is
much harder to estimate.

Average Effect

A lwal

Figure 7: Figure depicting an ideal scenario and our reality
when deriving insights from ordinal data related to our sys-
tem. In an ideal scenario (LEFT), we would not need ordinal
measures, and we would have direct and continuous mea-
sures of users’ spatial presence when using the two versions
of our system. This would result in two distinct normal dis-
tributions of users’ spatial presence when using our system
with and without the new feature. In reality (RIGHT), spatial
presence cannot be measured directly and instead a discrete
score (e.g., between 1 and 5) is provided by the user to in-
dicate their level of spatial presence under the two system
variations.

CLMMs attempt to address this challenge by taking a principled
approach to analysing ordinal data. These models assume that
there exists a continuous unobservable measure (or latent variable)
in the user’s mind that underlies an observable ordinal measure.
Since this measure is unobservable, the unit of measurement can be
arbitrary. Conventionally, CL(M)Ms assume that this latent variable
is distributed with a standard normal (0,1) distribution (though
models can be extended into any arbitrary latent distribution). If
indeed the observed scores reflect these assumed underlying latent
values, then they should be statistically related. However, CL(M)Ms
do not assume this relationship to be linear, only monotonic (i.e.
as the latent value increases, so does the likelihood of a higher
user rating). Imagine a user who initially experiences no spatial
presence (i.e. their latent score should be the minimum imaginable).
This user would most likely give the lowest possible rating (1 - Very
low). As we intervene to increase the latent score from its absolute
minimum, we would still see scores of 1 until we reach a certain
level, at which point, we would start seeing scores of 2. As we keep
increasing the latent score and reaching these thresholds/cutpoints,
our ratings should increase accordingly.

Because the latent normal and the observed scores distributions
are connected under these assumptions, we can also assume that
the proportion of users with a latent value between any 2 cutpoints
should be equal to the proportion of users that gave the correspond-
ing rating. As such, we can compare the cumulative distribution
of the scores to the cumulative distribution of the latent normal.
In other words, if 10% of our scores were 1, and we know that in
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Figure 8: Our ordinal rating increases when the latent value
increases beyond a cutpoint. By looking at which cutpoints
the latent value falls between, we can predict which score
the user would give.

a standard normal distribution 10% of values are lower than -1.28,
then we can say that -1.28 is the cutpoint in the latent scale at which
someone’s rating would go from 1 to 2. If in the same dataset we
found that 15% of scores were 2, we would have to look for the
15 + 10 = 25% quantile of the normal distribution to find the next
cutpoint—in this case, -0.67. We can proceed the same way for the
other cutpoints. Figure 8 visualizes the selection of ordinal scores
based on the cutpoints that divide the latent measure scale.

This method gives us a way to retrieve the latent cutpoints from
observed scores. However, ultimately, we are interested in the causal
effect of our intervention. For this example, we will assume that
the intervention only shifts the mean of our latent distribution (not
the variance). Under the same cutpoints, shifting the mean of the
latent measure causes the area under the normal curve between the
cutpoints to change—and these areas are precisely the proportion
of each of the possible ratings.

Figure 9 shows this process. We infer the cutpoints from the
baseline ratings, shift the mean of the normal distribution to the
left (which implies an average decrease in the latent value) and see
how it affects the distribution of scores. We offer a Shiny app in
the supplementary material where you can set the cutpoints and
observe how different effect sizes affect the distribution of scores.

So far, we described the intuition of the method generatively,
that is, from the user’s mind to the scores. In essence, CL(M)Ms do
the inverse of this process: they take ordinal ratings and directly
estimate the effects on the latent scale. Our example uses the cu-
mulative proportion analogies to build an intuition. In practice,
however, the cutpoints are not simply derived from the cumula-
tive proportions of observed scores, but jointly estimated from the
data along with the model coefficients. Next, we provide a more
formal mathematical description of how it works and a practical
implementation in R.

4.2 Theory and Mathematics

As a predictive model, CL(M)Ms model the relationship between a
dependent variable and predictor/independent variable(s). Let us
extend the example used in section 4.1 to illustrate this. Say we ask
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Figure 9: From a given distribution of baseline scores, we can
infer the latent cutpoints and predict how shifting the mean
of the distribution would affect the distribution of scores
accordingly.

participants to use different versions of our system (a categorical in-
dependent variable represented as X) and rate their sense of spatial
presence between 1 and 5, with 1 being ‘Very low’ and 5 being ‘Very
high’ (an ordinal dependent variable represented as Y). We can rep-
resent this relationship as a causal graph, X — Y, where the arrow
pointing from X (system version) to Y (spatial presence response)
indicates that X has a causal effect on Y. In this scenario, the goal of
predictive modelling would be to describe how changing the system
version X influences user responses about their sense of spatial
presence Y, i.e., how X predicts Y. However, the ordinal response,
Y, is an imperfect measure that the user generates about their sense
of spatial presence in using a system version, based on some in-
ternal psychological measure and the available ordinal responses
(elaborated in the example presented in figure 7). For example, a
user’s true spatial presence experience may lie somewhere between
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Figure 10: Figure illustrating the relationship between the
internal continuous latent variable Y with the observable or-
dinal response Y in our spatial presence example. Here, a user
determines the system to elicit ‘Very low’ spatial presence
when their internal measure falls below the first cutpoint
(T1), ‘Low’ spatial presence, when their internal measure is
between the first (71) and second (7T2) cutpoints, and so on.

‘High’ (scale value 4) and ‘Very High’ (scale value 5), but the limited
response options force a decision that imperfectly captures the
user’s true experience. Additionally, there is no guarantee that the
internal psychological distance between two ordinal responses is
evenly spaced. For instance, users may find it easy to change their
response from 3 (‘Moderate’) to 4 (‘High’) — small psychological
distance — but may reserve the highest response of 5 (‘Very high’)
to systems that they perceive as exceptional at evoking a sense of
spatial presence — large psychological distance between 4 and 5
when compared to 3 and 4. This prevents meaningful analysis that
relies on these distances to be consistent, such as statistical analysis
methods that calculate averages or differences, and is a key cause
of errors in analysing ordinal data using metric models [11, 43].

CL(M)Ms account for the internal psychological measure by as-
suming the presence of an underlying continuous latent (unobserv-
able) variable (represented as ?). This results in an updated causal
graph, X — Y — Y, which explicitly represents how the system
version (X) affects an internal psychological measure of the user’s
sense of spatial presence (Y), which is then categorized into an
ordinal response (Y). Given this new causal structure, the relation-
ship between the observable response, Y, and the latent variable, ?
can then be defined using a set of ordered thresholds/cutpoints,
which determines the value that Y categorizes to, when Y
falls within certain cutpoints. In our example, the 5 different
responses (‘Very low’ to ‘Very high’) will need 4 cutpoints (repre-
sented as T = {T1, Ty, T3, T4}) to categorize all 5 available ordinal
response, i.e, Y = 1 (‘Very low’) when Y < Ty, Y = 2 (‘Low’) when
T1 < Y < T, and so on, with the highest value, Y = 5 (‘Very high’)
manifesting when T, < Y. This process is illustrated in Figure 10
(and with a familiar Likert item example in figure 8). In general, if
we have K different ordinal responses, we will need K — 1 cutpoints.
Formally:

Y=kifTpo; <Y < Ty (1)

This conceptualization of the latent continuous variable, ? en-
ables CL(M)Ms to mathematically express Y in terms of Y and 7.
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CL(M)Ms can then model the continuous latent variable Y in re-
lation to X using linear regression. Collectively, these two steps
enable CL(M)Ms to describe the relationships represented in the
causal graph: X » Y — Y.

To express Y in terms of Y and T, CL(M)Ms must first ensure
that the observable ordinal data (Y) is appropriately treated as cate-
gorical, avoiding over-representation of information (as with metric
modelling approaches) [11]. However, treating ordinal data as cate-
gorical exposes only frequencies/probabilities as quantitative infor-
mation, which are devoid of any ordering (under-representing avail-
able information as with most non-parametric approaches [11]).
For example, the probability set {0.2, 0.1, 0.7} corresponding to an
ordered dataset with levels {A, B, C} provides no information about
the ordering of the data. To remedy this, CL(M)Ms make use of
cumulative probabilities in place of individual probabilities. This
ensures that higher ordered categories are always associated with
higher cumulative probabilities and vice-versa. Extending our ex-
ample, the ordered dataset with levels {A, B, C} and probabilities {0.2,
0.1, 0.7}, will exhibit cumulative probabilities of {0.2, 0.3, 1.0}7, pre-
serving order. This also enables us to extract individual probabilities
from cumulative probabilities using:

P(Y=k)=P(Y <k)-P(Y <k-1) @)

Now, from (1), we can infer that Y < k when Y<T k- There-
fore, we can relate the cumulative probability P(Y < k) with the
cumulative probability P(Y < T) which can be calculated using
a cumulative distribution function over Y, represented as F(Ty).
Here, the function F depends on the assumed distribution of Y.
Two commonly used distributions include the standard logistic dis-
tribution and the standard normal distributions, which have been
referred to by the names ordered logit models and ordered probit
models respectively [32]. The choice of assumed distribution influ-
ences the interpretation of the results but often results in similar
parameter estimates and model fits [46]. For the purposes of this
paper, we assume that Y follows a standard normal distribution.
Details related to the different distributions and their corresponding
cumulative distribution functions can be found in prior work [1, 11].
Given the function F, we can now express the relationship between
Yand Y as:

P(Y <k)=P(Y < T}) = F(Ty) ©3)

From equation (2) and (3), we can determine individual proba-
bilities of ordinal responses based on the cumulative distribution
function (F) and the cutpoints (7):

P(Y =k) = F(T) = F(Tj-1) 4)
However, equation (4) does not explain the influence of system
version (X) on spatial presence response (Y). To account for this,

CL(M)Ms use linear regression to model the continuous latent vari-
able Y with respect to X 8:

Y=XTp+e¢ (5)
Where the coefficient f8 in the linear predictor (X7 §) describes

the change in Y with respect to unit change in X, and ¢ is the

"Each value in this array is obtained by adding up all preceding values in the original
array.

8While we illustrate using a single independent variable, CL(M)Ms can handle multiple
independent variables, where X would represent a matrix of column vectors.
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Figure 11: Figure showing example distributions of Y for
X = Versiony (Y = XlTﬁl +¢) and for X = Versiony (Y = XZTﬂz +¢€).
The figure presents an example where users are more in-
clined to respond with a higher spatial presence rating to
Versiony compared to Version. This is depicted by the larger
proportion of the curve (area under the curve) for Version;
that falls between cutpoints (7) that define higher ordinal re-
sponses, when compared to the curve for Version;. For exam-
ple, area under the curve for T, < Y, defining the probability
of a ‘Very high’ user response, is larger for Version; than for
Versiony

random error describing the assumed distribution of Y (standard
normal in this example). To elaborate, let us assume that our spatial
presence study example tests two system versions (X; = Version 1
and X, = Version 2), with the first version having slower screen
frame rate than the second version. This can be represented in
our linear model of Y as two binary (0 or 1) variables X; and Xp,
indicating the presence or absence of that system version. Therefore,
for this example, we can specify equation (5) as:

Y=XIp+XIpy+e (6)

Since a user can only experience one version at a time in our
experiment that compares the two versions, either XIT P or XZT Pa
will be equal to zero. Therefore, our linear predictor for Y can be
described as:

7o XlTﬁl +¢, if X = Versiony
XzTﬁz +¢, if X = Versiony

If Version 1 and 2 yield different effects on the latent spatial
presence variable Y (i.e, f; # f2), then Y will exhibit different
distribution positions for different system versions. As such, we can
estimate the causal effect of switching from Version 1 to Version
2 by subtracting their respective means. Figure 11 illustrates the
distribution of the latent spatial presence variable Y when users
respond with a higher spatial presence rating for Version 2.

Collectively, we now have equation (3) that describes the rela-
tionship between the user’s response (Y) and their internal spatial
presence measure (Y), and equation (5) that models a linear rela-
tionship between the internal measure (17) and the system version
(X). Therefore, we can model the probability of a user response (Y)
being less than a specified value k given the linear predictor (X7 f)
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of Y as:
P(Y <kIXTB) =P(Y < Ti|XTB) = P(XTB+e < Ty)

=P(e < T - X ) =F(T) - X' p) g

In practice, equation (7) is expressed in terms of the inverse
cumulative distribution function (F~!) which is the ‘link’ function
in generalised linear models to connect the linear predictor with the
response value (see Agresti and Kateri [1] for a detailed description
of these functions). Given (7), we can update equation (4) to consider
the linear predictor (X B) of Y to express the probability of Y at
individual responses as:

P(Y=kIX"B)=F(T -X"B) - F(Tj_y - X"B) (8

This gives us the final equation that describes the relationship
between the system version (X) and the observable spatial presence
user rating (Y).

4.3 Assumptions

Like any statistical analysis method, CL(M)Ms impose a set of as-
sumptions that should be carefully considered prior to their appli-
cation. While we briefly mention these assumptions in sections 4.1
& 4.2, we elaborate on them here for further consideration. Addition-
ally, tools to test for, and relax, some of the discussed assumptions
are available with most software implementations for ordinal data
analysis (see examples in R [17] and Stan [11]). If readers are not
inclined towards making certain assumptions, and if these assump-
tions cannot be relaxed, they can refer to our table 1 for support in
selecting alternative statistical tests to analyse their ordinal data.

Latent Variable Assumption. A fundamental assumption of
CL(M)Ms relevant to HCI is that there exists an internal psycho-
logical measure (or latent variable) with an assumed distribution
(standard normal in our ‘probit link’ examples) that dictates, based
on cutpoints, the ordinal response of a user to a specific survey
question or Likert-item. The assumption of underlying latent vari-
ables is prominent and relevant in many fields, and particularly in
psychology and the social sciences [5] where studies often focus
on phenomena with directly unobservable causes. However, it is
still worth considering whether such an assumption aligns with
the researchers’/analysts’ beliefs prior to the use of CL(M)Ms (or
similar) for their analysis.

Latent Equal-Variance Assumption. Heretofore, we have de-
scribed CL(M)Ms using simplified examples that only illustrate
changes in the location (distributional position) of the underlying
latent variables Y (see figure 7, 9, & 11). While standard CL(M)Ms
assume constant variance of 17, they can be extended to account for
unequal variances by modelling the scale (standard deviation, o) of
Y within the model [17]. Practically, o can be incorporated through
an additional regression factor in the model, often expressed as its
inverse [11] (@ = 1/0). Accordingly, equation (7) takes the form:
P(Y < kIXTB,a) = F(a x (T — XTp)). Where, a = exp(XT )
to ensure > 0, and X7 f, is the linear predictor for a. Modelling
the scale as an additional regression factor enables the variance of
Y to also be dependent on the variables X. More in-depth details
can be found in Biirkner and Vuorre [11].

Proportional Odds Assumption. Another important assump-
tion of CL(M)Ms is dubbed the proportional odds assumption. This
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assumption refers to the unchanging coefficient estimates () across
all cutpoint estimates (T = {T1, T2, ..., Tx_1}), i.e., the coefficients
(B) remain the same ¥ k = {1,2,...K — 1} in P(Y = k|XTp) in
equation (8). Equivalently, this assumes that the cutpoints do not
individually vary based on the independent variables (X ). Effectively,
this suggests that an intervention shifts user latent scores by the
same amount across all cutpoints, and therefore has an equal ef-
fect on the likelihood of moving user responses from 1 to 2, 2 to
3, and so on. However, cases exist where an intervention’s effect
cannot be completely captured by a constant shift in the location
of the original distribution, but also by how the distribution is
‘stretched’ or ‘compressed’ at different points. One way to test if
this assumption holds is by checking for the equality of the scale
o of the latent variable Y under different conditions, provided the
model accounts for unequal variances, i.e., if the conditions only
affect the location of the distribution, then the proportional odds
assumption should hold. Statistical tests, such as the Brant test [7]
can also be used to verify if this assumption holds. This assumption
can also be partially relaxed [17, 27] using the partial proportional
odds model extension, which allows a subset of the independent
variables to not assume proportional odds [53]. Here, an additional
regression element (P ;) can then be incorporated into the model,
where P is a subset of the independent variables X, and y;. are the
corresponding regression coefficients associated with P for the spe-
cific ordered category k. The complete mathematical description
around (partial) proportional odds is beyond the scope of this paper,
and readers are referred to Peterson and Harrell Jr [53] for details.

While detailed mathematical knowledge of CL(M)M:s is not re-
quired for their use, a fundamental understanding of the latent
model and its relationship to the ordinal data is essential for inter-
preting results and assessing assumptions. The following section
moves from the theoretical aspects of CL(M)Ms to practical exam-
ples of analysing ordinal data using these models.

5 Analysing Ordinal Data with CL(M)Ms in R

While historically less accessible [11, 65], several software packages
now exist that enable ordinal regression modelling in popular sta-
tistical tools used in HCI. These include the statsmodel package
for Python [56], the ologit and oprobit functions for Stata °, and
the repolr [51] and brms package in R [10], among others. These
packages provide different interfaces for fitting CL(M)Ms and may
format model outputs differently. However, the underlying concepts
(see Section 4) behind CL(M)Ms remain unchanged.

For the purposes of this paper, we demonstrate the practical
use and interpretation of CL(M)Ms in HCI using R’s ordinal pack-
age [18]. Specifically, we present two examples, using CLMs and
CLMMs respectively, to reanalyses open-sourced data provided
with previous CHI papers by Fitton et al. [26] and Chen et al. [16].
These papers were sampled in our initial search of the literature
(see Section 3), but were excluded in our review during random sam-
pling (Figure 1). Both examples make use of CL(M)Ms with a ‘probit’
link to enable simpler result interpretation on the standard normal
latent scale, as opposed to a log-odds interpretation when using the
‘logit’ link. As mentioned in section 4.2 and in prior work [46], both
link functions return similar results. Furthermore, for simplicity,

https://www.stata.com/features/overview/logistic-regression/
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our examples will assume equal variances and proportional odds.
However, these assumptions can be relaxed when using the ‘ordinal’
package by specifying the ‘scale’ and ‘nominal’ function variables
respectively. Specific details for available functions in the ordinal
package can be found in Christensen [17]. Finally, we present only
a subset of the analysis plots in this section for illustrative purposes.
Additional plots can be found in our Appendix A.1.

Pre-processing and analysis replication: For each paper, we
first load the available data into an R data frame and organise the
data into a long-table format. This format eases use with R formulae
structure used in the ‘ordinal::clm()/clmm()’ function. We then apply
the analysis methods reported in the original paper to ensure that
our pre-processing preserves data integrity and reproduces the
findings reported. If test-statistics and p-values are provided in the
paper, we ensure that these values are replicated in addition to
alignment with significant/non-significant reports. For brevity, we
do not reiterate the findings of the original analysis reported in the
paper. Readers can refer to the original article or the analysis scripts
provided in our supplementary material for additional details.

5.1 CLM Example: Fitton et al. [26]

Study Design & Aim: The paper by Fitton et al. [26] explores
how observing and performing a psychomotor task in virtual real-
ity (VR) affects learning and retention. Four learning conditions were
evaluated: active learning (ACTIVE), observational learning with
a self-avatar (SELF), observational learning with a minimally simi-
lar avatar (MINIMAL), and observational learning with a dissimilar
avatar (D1ssIMILAR). These conditions were evaluated between-
subjects using a puzzle assembly task. Immediately following the
learning conditions in VR, participants were assessed in complet-
ing the puzzle in VR (immediate VR retention task) and in two
real-world transfer assessments with 3D printed puzzle pieces (im-
mediate near transfer task, immediate far transfer task). The near
transfer task mirrored the learning condition in VR and presented
the printed puzzle pieces as they appeared in VR (same colour coded
pieces and initial relative piece pose), while the far transfer task dif-
fered from the learning condition by presenting non-coded puzzle
pieces in different initial relative poses and included a second task
of counting audio tones presented at random intervals. These tasks
were performed by all participants, i.e., a within-subject factor. The
participants then returned after 10-14 days to complete the delayed
VR retention task, delayed near transfer task, and the delayed far
transfer task (within-subject).

Outcome measures: The paper presents several recorded out-
come measures, including task completion times, number of pieces
correctly assembled '°, and questionnaire responses (Vividness of
Imagery, Intrinsic Motivation Inventory, and Self-efficacy scores,
among others). We focus on a subset of the ordinal responses anal-
ysed in the paper for illustrating the use of CLMs in HCI. Specifically,
we re-analyse the:

(1) Usefulness of training (Perceived Usefulness), 1 Likert-type
item.

0Thjs was analysed using an ordinal regression model in the paper, but other ordinal
data included in the paper were not.
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(2) Simulated Task Load Index (SIM-TLX) survey, 9-item Likert-
scale.

This subset of measures were chosen as the raw, unprocessed
data is provided, i.e., not averaged or weighted. Both measures were
recorded between-subjects which enables analysis using CLMs.

Analysis used in the paper: Fitton et al. [26] report a series of
one-way ANOVAs to analyse the effect of learning condition on
the ‘Perceived Usefulness’ measure and on individual sub-scales of
the SIM-TLX survey. The paper reports no significant differences
between learning conditions on the ‘Perceived Usefulness’ measure
and across all SIM-TLX sub-scales. We were able to reproduce these
results in our analysis by following the methods reported in the

paper.

Modelling ‘Perceived Usefulness’ using CLMs: We first organ-
ise data related to the ‘Perceived Usefulness’ measure (USEFULNESS)
and the corresponding learning condition (CONDITION) into an R
data frame. The first 5 rows of the data frame is presented using
the ‘head()’ function:

head(usefulness_dataframe, 5)
Condition Usefulness

<fct> <ord>
1 Dissimilar 5
2 Self 4
3 Dissimilar 2
4 Active 5
5 Self 5

We can then fit a CLM with a probit link to the data, and display
an overview of the model results by using the ‘clm()’ function
followed by the ‘summary()’ function:

usefulness.clm <- clm(
Usefulness ~ 1 + Condition,
data = usefulness_dataframe,
link = "probit")

summary (usefulness.clm)

formula: Usefulness ~ 1 + Condition
data: usefulness_dataframe

link threshold nobs logLik AIC niter max.grad cond.H
probit flexible 102 -113.99 241.97 4(@) 1.47e-08 5.0e+01

Coefficients:

Estimate Std. Error z value Pr(>|z]|)
ConditionDissimilar -@.32161 0.32288 -0.996 0.319
ConditionSelf 0.04704 0.33048 0.142 0.887
ConditionMinimal -0.49092 0.31466 -1.560 0.119

Threshold coefficients:
Estimate Std. Error z value

112 -2.5897 0.4409 -5.874
2|13 -1.8801 0.2965 -6.340
314 -1.1437 0.2519 -4.540
4]5 -0.2450 0.2358 -1.039
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Table 2: Frequency table of user responses (R) to the ‘Per-
ceived Usefulness’ survey in each learning condition (C) of
Fitton et al’s [26] paper.

&‘Y:l Y=2 Y=3 Y=4 Y=5
C
Active 0 1 3 6 16
Self 0 0 3 7 15
Minimal 1 0 4 12 9
Dissimilar 0 3 3 6 13

The ‘Coefficients’ table and the ‘Threshold Coefficients’ table
present the primary results of model fitting.

Interpreting Results: The ‘Coefficients’ table presents the esti-
mated change (f parameters) in the user’s internal psychological
measure of usefulness (latent variable, 17) when the learning condi-
tion is changed from a reference condition. In this case, we set our
reference condition as‘CONDITION = ACTIVE’, which, as described
in Section 4, has a standard normal distribution, N (i = 0, 62 = 1).
Therefore, the estimates can be interpreted as follows. The location
(mean = p) of the user’s internal measure of usefulness (Y) distri-
bution is shifted by —0.322 (p = 0.319) standard units (i.e. standard
deviations) when changing the learning condition from AcTIVE
to DISSIMILAR, +0.047 (p = 0.887) units from ACTIVE to SELF, and
—0.491 (p = 0.119) units from ACTIVE to MINIMAL. When assuming
equal variances of the latent variables, this has a similar interpre-
tation to Cohen’s d coeflicient. Note that the summary presents
p-values > 0.5 for each of the estimates (f), indicating that the
estimates related to each of the non-reference learning conditions
(D1SSIMILAR, SELF, MINIMAL) do not significantly differ from the
reference condition (ACTIVE), i.e., these p-values are significance
tests for the parameter estimates being zero (reference).

The ‘Threshold Coefficients’ table presents the cut-
point/threshold values (T) relative to Y at the reference
condition (CoNDITION = ACTIVE). These cutpoints determine the
observable ordinal response measure of perceived usefulness (Y) as
described by equation (1). Specifically, user’s will respond with a
‘Perceived Usefulness’ (Y) measure of Y = 1 when their internal
measure of usefulness (Y) is —2.590 units below the standard
normal mean (i.e., zero), Y = 2 when —2.590 < Y < -1.880,Y =3
when —1.880 < Y < —1.144, Y = 4 when —1.144 < Y < —0.245,
and Y = 5 when —0.245 < Y. These estimates suggest that users
are more likely to respond with Y = 5 for CONDITION = ACTIVE
given that the average value of the internal psychological measure
of usefulness (0 by assumption of standard normal distribution)
is greater than the last cutpoint (T4 = —0.245). The frequency
table (Table 2) for the responses based on the different learning
conditions provides further support for this result — indicating
that the most common response for ‘Perceived Usefulness’ in the
AcTIVE condition is Y = 5 (with 16/26 responses, or 61.5% of all
responses).

To inspect the other learning conditions, we shift the location of
the Y distribution from the standard normal (location at zero) by
the coefficient estimate corresponding to the learning condition of
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interest, as presented in the ‘Coefficients table’, i.e., ?cond,-“-on ~
N (0 + Estimatecopgizions 1) 1. For instance, if we were interested
in CONDITION = MINIMAL, we would shift the location of Y from the
standard normal location (¢ = 0) by —0.491 units (u = 0 — 0.491 =
—0.491). This suggests that for CONDITION = MINIMAL, user’s will
respond with Y = 1 when Y —0.491 < —2.590, Y = 2 when —2.590 <
Y—-0.491 < ~1.880,Y = 3 when —1.880 < Y —0.491 < —1.144,Y = 4
when —1.144 < Y — 0.491 < —0.245, and Y = 5 when —0.245 <
Y — 0.491. Note that this shifts the mean of Y for CONDITION =
MINIMAL between cutpoints 3|4 (T3) and 4|5 (T4), suggesting that
the most likely response, given a normal distribution, is 4 (as T3 <
mean(Yyginimal) < Ta => —1.144 < —0.491 < —0.245). This is
also supported by Table 2, which indicates that the most frequent
response for CONDITION = MINIMAL is Y = 4 with 12/26 of the total
responses (46.2%).

Modelling SIM-TLX sub-scales using CLMs: As we have fa-
miliarised ourselves with CLM fitting and result interpretation in
the previous sections, this example highlights differences in in-
sights that may arise between statistical approaches traditionally
used in HCI and CLMs. Specifically, we fit a CLM to each individ-
ual sub-scale of the SIM-TLX data provided by Fitton et al. [26] to
mirror their analysis using one-way ANOVAs. Contrary to their
conclusion of no significant effects of learning condition on any
of the SIM-TLX sub-scales, our analysis using CLMs suggests that
parameter estimates for the sub-scales related to ‘Physical demands’
and ‘Stress’ shows significant divergence from zero for CONDITION:
SELF, i.e., significant differences between learning condition SELF
and the reference condition AcTive. We present the ‘Coefficients’
table returned by the ‘summary()’ functions for the CLMs fit to
the ‘Physical demands’ and ‘Stress’ sub-scale data. The ‘Thresh-
old Coeflicients’ table for the SIM-TLX measures are not presented
here as details related to threshold/cutpoints interpretation is exten-
sively discussed in the previous example. However, these details can
be reproduced using our R scripts provided in the supplementary
materials.

# SIM-TLX: Physical Demands
Coefficients:

Estimate Std. Error z value Pr(>|z|)
ConditionDissimilar -0.5196 0.2845 -1.826 0.0678 .
ConditionSelf -0.6751 0.2884 -2.341 0.0192 *
ConditionMinimal -0.1907 0.2799 -0.681 0.4958

# SIM-TLX: Stress
Coefficients:
Estimate Std. Error z value Pr(>|z|)

ConditionDissimilar ©.09148 0.28315 ©0.323 0.7466
ConditionSelf 0.59792 0.28613 2.090 0.0366 *
ConditionMinimal 0.43877 0.28198 1.556 0.1197

These findings suggest that the distribution for the user’s inter-
nal measure of ‘Physical Demand’ and ‘Stress’ for the condition
SELF is significantly different from Active. These findings differ

Note that the same results can be achieved by shifting the thresholds/cutpoints (T)
by the relevant estimate, instead of the location of Y, as per equation (7)
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Figure 12: Visualizations relevant to Fitton et al’s [26] paper.
(Top) Frequency of user responses on the ‘SIM-TLX: Phys-
ical Demand’ subscale across learning conditions. (Middle)
Confidence intervals for pairwise differences in mean re-
sponses between conditions under ANOVA and CLM models.
(Bottom) Frequency plots for ‘Physical Demand’ in the SELF
and AcTIVE conditions, which differed significantly under
CLMs. Dashed curves show fitted linear (metric) model distri-
butions based on condition means and standard deviations,
highlighting how metric models can miss skewed responses.
For example, SELF responses are mostly minimal (0-3), but
the metric model mean is inflated by a spike at 13.

from the original analysis reported by Fitton et al. [26]. To better
illustrate these differences, figure 12 presents relevant plots related
to the analysis of ‘Physical Demand’. Specifically, figure 12 presents
the response frequency histograms, pairwise mean difference con-
fidence intervals (CIs) under the ANOVA and CLM analysis, and
a side-by-side comparison of the distributions (discrete and linear
model fit) for ‘Physical Demand’ responses under conditions where
ANOVA and CLM analysis disagreed (SELF and AcTIVE). Note that
ClIs for both models were obtained using the emmeans package in
R [42]. Additionally, as CL(M)Ms report estimates on the latent scale,
a bootstrapping approach [21] was employed to obtain CIs on the
response scale for the CLM model to allow direct comparison with
the ANOVA-based ClIs in this example. Differences in CIs between
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the models suggest only a minor, but observable, disagreement. The
side-by-side comparison, shown in the last subfigure, illustrates
how metric model fits (based on the data’s mean and standard devi-
ations) can appear similar even when ordinal responses differ. For
example, SELF responses cluster at 0-3, but the metric model mean
is skewed upward by a spike at 13, producing a distribution similar
to condition AcTive !2. Similar examples with more prominent
model disagreements, caused by ordinal responses at the extremes,
can be found in Liddell and Kruschke’s [43] paper.

Finally, if there is a need to predict estimates in relation to a
reference condition other that the default (AcTIvE) condition, the
‘relevel()’ function in the R ‘stats’ package can be used to set the
desired reference condition. While beyond the scope of this paper,
post-hoc analysis of CL(M)Ms can be achieved by using appropriate
methods, such as estimated marginal means [42] (emmeans R pack-
age), which would enable tests like multiple pairwise comparisons
between the different conditions.

5.2 CLMM Example: Chen et al. [16]

Study Design & Aim: Chen et al’s [16] paper explores the effects
of different mechanism for adjusting display table height during
follow-along home fitness instructional video viewing. Specifically,
they investigate three conditions: FIXE»D — where the display table
height canot be adjusted, MANUAL — where the user can manually
adjust the display table height using buttons attached to the table,
and AuToMATIC — where the height is automatically adjusted using
a custom motion tracking system that aims to optimize viewing
angles during fitness routines. The study employed a within-subject
design with randomized order for the conditions.

Outcome measures: During the study, participant’s head angle
flexion was recorder, and an extended NASA-TLX survey [33] (scale
0 - 10) was administered after each condition. The extended TLX
survey included two additional sub-scales related to ‘Degree of
Support’, and ‘Degree of Participation’. The paper reports the use
of a weighting procedure on the NASA-TLX measures to capture
individual differences in prioritizing workload dimensions. Weight-
ing NASA-TLX measures is a common [33], yet disputed prac-
tice [3, 50, 61], and transforms the ordinal workload measures into
interval scale which is incompatible for analysis using a CL(M)M.
However, as Chen et al. [16] also open-source the raw NASA-TLX
measures, and because the purpose of this example is to illustrate the
use of CLMMs for analysing data generated in HCI, we focus solely
on the raw ordinal workload measures.

Analysis used in the paper: The paper reports the use of a Fried-
man test with post-hoc Wilcoxon Signed Rank tests for pairwise
comparisons between conditions of the weighted NASA-TLX mea-
sures Chen et al. [15] 3. While we focus on the raw NASA-TLX
measures, we first run the analysis reported in the paper to ensure
that we have correctly imported and organized the data in R. Our
analysis using the reported Friedman test reproduced the exact

12This distributions did not appear normal. We confirmed this using a Shapiro-Wilk’s
test, and ran a Kruskal-Wallis non-parametric test between SELF and AcTIVE, which
also returned a non-significant difference.
13 Additional analysis of the NASA-TLX measures with respect to participant related
demographic factors were also conducted. We do not replicate these analyses as
demographic data was not open-sourced.
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p-values that were reported in the paper. However, we were un-
able to reproduce the pairwise significant differences reported in
the paper using post-hoc Wilcoxon Signed Rank tests. This may
be because of a mismatch between our post-hoc test parameters
and those used by Chen et al. [16], as the paper does not specify
these details (such as the type of post-hoc correction used, if any).
However, we conclude that we correctly imported the data into our
R environment, as we reproduced the exact p-values reported for
the Friedman test in the paper. We provide our analysis scripts in
the supplementary material for transparency.

Modelling Raw NASA-TLX sub-scales using CLMMs: The first 5
rows of our data frame containing the data from Chen et al’s [16]
paper (named tlx_df in R) is presented using the ‘head()’ func-
tion. It contains the raw NASA-TLX user score/response (score),
information regarding the experimental condition (condition), in-
formation regarding the NASA-TLX sub-scale (¢lx_construct), and
the participant identifier (participant_id).

head(tlx_df,5)
condition tlx_construct participant_id score

<fct> <chr> <fct> <dbl>
1 Fixed Mental Demand p1 5
2 Fixed Mental Demand  p2 3
3 Fixed Mental Demand p3 2
4 Fixed Mental Demand p4 8
5 Fixed Mental Demand p5 2

Fitting a CLMM to the data can be achieved by using the ‘ordi-
nal’ package’s ‘clmm()’. Similar to the clm() function described in
section 5.1, we can use the ‘summary()’ function to get an overview
of the results. To illustrate the results returned by a CLMM, we
present the output of fitting a CLMM to one example sub-scale
(Physical Demand) of the raw NASA-TLX measures provided in
Chen et al’s [16] paper. Results for the remaining sub-scales can be
found in our supplementary materials.

# dataframe with only "Physical Demand" measures
pd_df <- tlx_df[
tlx_df$tlx_construct == "Physical Demand",
]

physical_demand.clmm <- clmm(
score ~ 1 + condition + (1|participant_id),
data = pd_df,
link = "probit")

summary (physical_demand.clmm)

formula: score ~ 1 + condition + (1 | participant_id)
data: pd_df

link  threshold nobs logLik AIC niter max.grad cond.H
probit flexible 90 -161.75 343.50 706(2737) 3.18e-04 1.0e+02

Random effects:

Groups Name Variance Std.Dev.
participant_id (Intercept) 1.871 1.368
Number of groups: participant_id 30

Coefficients:
Estimate Std. Error z value Pr(>|z|)
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conditionFixed 0.4326 0.2777 1.558 0.11925
conditionManual  @.7551 0.2844  2.655 0.00793 *x
Signif. codes: @ ‘xxx’ 0.001 ‘x*’ 0.01 ‘%’ .05 ‘.’ 0.1 < ’ 1

Threshold coefficients:
Estimate Std. Error z value

2|3 -2.2670 0.4800 -4.723
314 -1.1828 0.3703 -3.194
4]5 -0.6183 0.3458 -1.788
5|6 -0.1894 0.3371 -0.562
6|7 0.3812 0.3390 1.124
718 1.3784 0.3651  3.775
819  2.5397 0.4396 5.777

Similar to the results returned by the ‘clm()’ function, the ‘clmm()’
summary returns the primary results of model fitting within the
‘Coefficients’ and ‘“Threshold Coefficients’ tables. These can be in-
terpreted in the same way as for the results return by the ‘clm()’
summary, and is detailed in section 5.1. In this example, the results
suggest that the parameter estimate for the Manual condition is
significantly different from zero 4, i.e., the user’s internal psycho-
logical measure of physical demand (Y) for the Manual condition is
different from the reference condition (Automatic) by an estimate
that is significantly different from zero 1>. The ‘Threshold Coef-
ficients’ table also suggest that the most likely response for the
reference (Automatic) condition is Y = 6 as the assumed location
of the distribution (¢ = 0) falls between cutpoints 5|6 (Ts5) and 6|7
(T¢)- Note that insufficient data related to the lower responses (0
and 1) leads the ‘clmm()’ summary to return a “Threshold Coeffi-
cients’ table with only 7, out of 10, cutpoints, i.e., given 11 response
categories (0 - 10) for the ‘Physical Demand’ sub-scale used in the
paper, there should be (11 — 1) = 10 cutpoints to partition the
psychological measure (Y)in 11 categories (see section 4).

Additionally, the CLMM model summary also returns a ‘Random
effects’ table which details group specific random intercept and
slope variations (via the presented ‘Variance’ and ‘Std.Dev’). In this
case, our formula specifies that we want to model for the random
intercept for each participant — signified by the (1|participant_id)
in our formula. The results suggest that participant’s internal mea-
sure of physical demand varied by a standard deviation of 1.368
units. This indicates a large variation between participants’ psy-
chological measures of ‘Physical demand’, given the comparatively
small values for cutpoint (7) and parameter () estimates presented
in the ‘Coefficients’ and ‘Threshold Coefficients’ tables.

5.3 Reporting CL(M)M Analysis Results

CLM/CLMM models report estimates (coefficients, std. error, etc.)
relative to the latent variable scale, and is dependent on the ‘link’
function used. Consequently, these values should be interpreted
and reported considering these factors. As mentioned previously,
both the ‘logit’ and ‘probit’ link functions return similar model fits
but the returned estimates should be interpreted differently. We
briefly describe ‘logit’ model result interpretation and reporting,
before detailing ‘probit’ results and reporting.

4Greater than zero as the estimate is positive.

15We refrain from making any comparisons with the analysis results presented in the
original paper [16] as our analysis focuses on the raw NASA-TLX measures as opposed
to the weighted NASA-TLX measures used in the paper.
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Ordinal ‘Logit’ models return estimates as log-odds ratios. The
coefficient estimate for a specific condition relative to the reference
can be interpreted as the odds of that condition resulting in a higher
response category than the reference condition [9]. Let us remodel
the ‘SIM-TLX:Physical Demand’ measure presented in section 5.1
using a CLM with a ‘Logit’ model. We forego presenting all esti-
mates for brevity, but only present the significant coefficient for the
SELF condition relative to the reference (AcTivE) for this illustration.
The ‘logit’ model returns a log-odds value of —1.1951, which when
exponentiated (inverse log function) gives us the odds of observ-
ing higher ratings in the SELF condition compared to the ACTIVE
condition. This can be reported as: Users in the SELF condition had
an odds ratio of exp(—1.1951) = 0.303 compared to the AcTIVE
condition, indicating they were significantly — approximately 3.3
times (1/0.303) or 70% (1 — 0.303 or 100 — 30.3) — less likely to
report higher physical demand than in the AcTIVE condition.

Ordinal ‘Probit’ models return estimates on a standard normal
scale for the assumed latent variable. This allows for direct in-
terpretation of the effects on the latent scale, but prevents easy
interpretation on the response or outcome scale. Let us take the
same example ‘SIM-TLX:Physical Demand’ used for illustration
of the ‘logit’ model. Here, the ‘probit’ model returns a coefficient
estimate of —0.6751 for the SELF condition against the reference
AcTIvE condition. This is interpreted as a significant reduction on
the underlying latent score that determines the response of the user,
suggesting that users are less likely to report higher ratings for
the SELF condition compared to the AcTIVE condition. This can
be reported as: Users in the SELF condition were significantly less
likely to report higher physical demand than those in the AcTIVE
condition, with a decrease of —0.6751 on the latent score scale. The
reliance on the latent scale makes ‘probit’ model results easier to re-
port for audiences familiar with latent models, foregoing the need
to perform additional functions, such as exponentiation in case
of ‘logit’ models. However, this also implies that unfamiliar audi-
ences would require appropriate prior introductions. As such, we
recommend ‘probit’ model use be accompanied by a brief acknowl-
edgement of the underlying latent variable, along with appropriate
references to more detailed literature on latent models (an example
can be seen in the paper by Brailsford et al. [6]).

In addition to the above, reporting coefficient and threshold coef-
ficient estimate means and standard errors for both ordinal ‘probit’
and ‘logit’ model results greatly help familiar readers in eliciting
more detailed insights. We also recommend reporting assumptions,
validity tests for assumptions, and if methods were employed to
relax certain assumptions. Finally, we recommend accompanying
these numbers and text with appropriate visualisations, such as for
the frequency/proportions of the data, and confidence intervals of
model estimates as shown inFigure 12 (top & middle).

6 Discussion

In this paper, we have shown the extent of divergent practices
in analysing ordinal data within current HCI literature, discussed
the associated concerns with the prevalent methods currently em-
ployed, and detailed the theory and application of CL(M)Ms as a
more suitable method for ordinal data analysis with HCI related
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examples. Despite the stated advantages of CL(M)Ms over tradi-
tional statistical approaches for ordinal data analysis in HCI, certain
limitations and assumptions should be considered.

Importantly, CL(M)Ms impose several assumptions that influ-
ence how results are interpreted, and these should be evaluated
for validity and suitability. Take for example our re-analysis of the
‘Perceived Usefulness’ measure provided by Fitton et al. [26] in sec-
tion 5.1. Here, we used a CLM with the ‘probit’ link function, and
assumed proportional odds and equal variance. Use of the ‘probit’
function forces interpretations on the latent scale. Specifically, ef-
fects of different conditions on ‘Perceived Usefulness’ are estimated
as shifts in a standard normal latent distribution, and cutpoints
‘divide’ these latent distributions into proportions that correspond
to the ‘Perceived Usefulness’ ordinal categories. This is contrary to
the use of the ‘logit’ link which enables interpretation as odds ratios
(see section 5.3). Additionally, the proportional odds assumption
enables us to inspect how estimates for conditions influence the
latent distribution positions, without considering how different
conditions affect the dividing cutpoints. This is evident in our elab-
oration, which highlights the shift in the latent distribution (Y) and
inspecting how the ‘static’ cutpoints (7) predict proportions of the
ordinal response Y. However, such assumptions are often violated
and should be tested for, and relaxed when necessary and possible
(detailed in section 4.3). This is also true for the equal variance of
latent distribution assumption. But this can be relaxed using model
extensions discussed in section 4.3.

Both a strength and a limitation of CL(M)Ms lies in their design
for analysing strictly ordinal data. CL(M)Ms treat data as categorical
with inherent ordering, enabling ordinal data analysis without re-
quiring contiguous numerical labels for the ordered categories. As
such, CL(M)Ms can be perfectly fit to data with ordinal responses
that use non-numerical or non-contiguous labels (such as {A,B,C}
or {1,7, 91}) as long as the order is defined. However, treating data
as categorical also means that CL(M)Ms cannot handle ordinal data
that has been transformed to interval or ratio scale, as such scales
imply infinite categories, and therefore, infinite cutpoint estimates.
This is evident by our inability to apply CLMMs to analyse the
weighted NASA-TLX measures in section 5.2, prompting us to in-
stead focus on the raw NASA-TLX measures provided by Chen
et al. [16]. Though possible, CL(M)Ms can also struggle to converge
when applied to ordinal data with a large number of ordered cate-
gories (say a questionnaire with a slider response ranging from 0 to
100). In such cases where ordinal data needs to be transformed to
metric data, or when the number of ordered categories is substan-
tially large, it may be worth considering non-parametric alterna-
tives that do not impose incompatible assumptions on ordinal data
(see table 1), or more specialized methods, such as beta regression
models [31]. While some prior work argue for the applicability of
parametric methods with metric assumptions for analysing ordinal
data under metric interpretations [13, 14, 59, 60], the evidence for
potential errors provided by Liddell and Kruschke [43] serves as a
strong deterrent, and should be carefully considered when opting
for such approaches.

Finally, while we demonstrated Frequentist implementations of
CL(M)Ms in this paper, these methods also have Bayesian counter-
parts. The brms package in R [10] uses a similar model specification
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syntax as the ordinal package. The biggest difference is in the
requirement for the specification of the priors for the main effects
(as in any Bayesian analysis) and for the cutpoints. An example
of a default uninformative prior is offered by Kurz [41], who uses
normal distributions centred at the 1/(N-1) quantiles of the standard
normal (where N is the number of possible scores), which implies a
uniform prior for the distribution of scores. Examples of Bayesian
analyses using ordinal regression models can be found in prior
HCI work, including the use of CL(M)Ms with probit [6, 62] and
logit [35] links.

7 Conclusion

As with most practices, it is pertinent to occasionally reflect on
the methods that we use in HCI and update them where neces-
sary. The case of ordinal data analysis within HCI is a prime ex-
ample where such reflection can spotlight divisive opinions and
approaches. Our review of the current HCI literature illustrates this
well, highlighting not only disagreements in the use of parametric
and non-parametric methods for ordinal data analysis between
research articles, but also inconsistencies in the imposed data as-
sumptions for ordinal data analysis between successive statistical
procedures within the same study. Such inconsistencies hinder
scientific progress by increasing the chances of propagating erro-
neous insights, introducing challenges to reproducible findings,
and limiting comparisons between analytically distinct but related
experiments. To address these issues, we propose the use of cumu-
lative link (mixed) models, a form of ordinal regression modelling
widely recommended for ordinal data analysis in disciplines such
as psychology [11, 17, 43]. We explain the theory and mathematical
foundations of CL(M)Ms, highlight its advantages over traditional
methods used in HCI, and present practical examples of applying
CL(M)Ms to published open-sourced ordinal data in HCI using the
‘ordinal’ package in R [18]. Through these examples and the en-
suing discussions, we provide HCI researchers with the necessary
knowledge of when and how to apply CL(M)Ms to their data. We
hope that our paper presents a convincing argument for the HCI
community to adopt statistical approaches that are suitable for the
intended data, and more broadly, to continue to reflect on, and
update, our practices.
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A Appendix
A.1 Additional Plots
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Figure 13: Visualizations relevant to Fitton et al’s [26] paper. (Top) Frequency of user responses on the ‘SIM-TLX: Stress’ sub-scale
across learning conditions. (Middle) Confidence intervals for pairwise differences in mean responses between conditions under
ANOVA and CLM models. (Bottom) Frequency plots for ‘Stress’ in the SELF and AcTIVE conditions, which differed significantly
under CLMs. Dashed curves show fitted linear (metric) model distributions based on condition means and standard deviations.
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Figure 14: Visualizations relevant to Fitton et al’s [26] paper. (Top) Frequency of user responses to the ‘Perceived Usefulness’
measure across learning conditions. (Middle) Confidence intervals for pairwise differences in mean responses between condi-
tions under ANOVA and CLM models. No disagreements were found between the ANOVA and CLM model analyses.
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Figure 15: Visualizations relevant to Chen et al’s [16] paper. (Top) Frequency of user responses on the ‘NASA-TLX: Physical
Demand’ sub-scale across conditions. Comparative plots such as mean difference confidence intervals between modelling
approaches are not presented as Chen et al’s [16] paper uses weighted NASA-TLX scores which cannot be analysed using
an ordinal regression model like CLMM. This prevented us from plotting any comparative plots between statistical analysis
methods used in the paper and our re-analysis using a CLMM.
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Figure 16: Sankey diagram showing the progression of statistical procedures applied to constructs measured with ordinal
data. Methods are displayed in sequence from predictive models (left), to omnibus tests (centre), to pairwise tests (right). Bars
labelled ‘No’ indicate constructs for which no method was reported in that category. Each node represents a statistical method

and is coloured uniquely. This plot is the same as figure 5 but with unique colours for each statistical method observed in our
sample for easy identification.
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