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Abstract

The Information School

Human-Computer Interaction (HCI) research methods
are increasingly diverse, generating various types of
data. Often, data are not appropriate for conventional
parametric analyses of variance (ANOVAs). Instead,
nonparametric and semi-parametric statistics may be
more appropriate, but many such methods remain
obscure and underutilized. This position paper
promotes the view that non- and semi-parametric tests
have a welcome place in HCI research. Moreover, they
should be accompanied by effect sizes, which are often
not apparent or readily available for many of these
tests. Making nonparametric and semi-parametric tests
known, along with their effect size calculations, is an
important priority for HCI research methods.
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Human-Computer Interaction (HCI) is a wide-ranging
field, with computer scientists, social scientists, and
designers variously studying technology and human
behavior, and creating and evaluating interactive
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technologies. Given the range of these research
endeavors, it is no surprise that the types of data
examined are also diverse and wide-ranging (Table 1).
To make sense of these data, inferential statistics are
often employed. Owing to a many factors, including
background, training, expediency, and tradition,
researchers often utilize familiar parametric analyses of
variance (ANOVAs). Unfortunately, ANOVAs are often
inappropriate or undesirable due to response types or
assumption violations. Add to this the recognized
problems of null hypothesis significance testing (NHST)
[4], and the misinterpretation of p-values [13], and
there is a need for HCI statistical methods to improve.

responses using logistic regression). To date, relatively
few HCI papers employ GLMs or GLMMs.

One path forward is to better understand and employ
nonparametric and semi-parametric statistical tests
(see Table 2). Although such tests remain within the
NHST paradigm, for many studies of novel
technologies, where priors for Bayesian methods may
be unavailable [4], non- and semi-parametric tests
offer important alternatives to ANOVAs that avoid
common pitfalls. For example, statistical power is often
increased by ANOVA procedures relative to their
nonparametric counterparts, exacerbating the chances
of Type I errors and the reliance on p-values even
when practically significant differences may be absent.
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Also of relevance to HCI, but largely unrecognized and
unused, are so-called “semi-parametric” statistical
models, like generalized linear models (GLMs) [7] and
generalized linear mixed models (GLMMs) [2,9]. These
powerful, flexible models have become computationally
feasible and can accommodate various data
distributions and response types (e.g., nominal

Table 1: Various research
methods in HCI giving rise to
certain types of quantitative data
suited to nonparametric or semiparametric statistical tests.
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http://depts.washington.edu/madlab/proj/ps4hci/
https://www.coursera.org/learn/designexperiments

Finally, along with the results of nonparametric and
semi-parametric statistical tests, the reporting of effect
sizes can convey practical significance and facilitate
comparisons. Reporting effect sizes has been urged for
ANOVA reports as well [13], but a challenge for nonand semi-parametric tests is that effect size
calculations are often not obvious or readily available.
Shedding light on such calculations and encouraging
their use will improve HCI statistical practice.
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Table 2: Some useful
nonparametric and semiparametric statistical tests for
various (B)etween- or (W)ithinsubjects experimental designs in
HCI. Notes: “ART” stands for
Aligned Rank Transform, “GLM”
stands for generalized linear
model, and “GLMM” stands for
generalized linear mixed model.
This table is adapted from [12].

In this CHI 2017 workshop, I would like to contribute to
conversations on useful and appropriate statistical
methods, offering insight into nonparametric and semiparametric tests, and voicing support for reporting
effect sizes. I would also offer support for other “new”
methods, such as Bayesian methods [4], which promise
to benefit HCI as the field reconsiders its statistical
practices. I would also like to contribute to author and
reviewer guidelines that aim to help both roles more
effectively communicate and consider statistical results
in HCI. It is an exciting time to be reflecting on these
issues, which are of great importance to HCI research.
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