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Figure 1: With those four projects, I strive towards improving the 
design and analysis process for controlled experiments in HCI. 
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Abstract 
Researchers in HCI commonly use controlled experiments 
to evaluate artifacts and interaction techniques. However, 
experiment design and statistical analysis are complex 
tasks that are prone to errors, especially for novice re-
searchers. In part, this is because researchers need to 
make numerous decisions about the design and analysis 
while it is hard to immediately anticipate their effect. In this 
dissertation, I aim to study how interactive systems that pro-
vide real-time feedback, enable direct manipulation, and fa-
cilitate exploration positively influence decision making and 
reproducibility. My previous work, Touchstone2, shows how 
researchers can benefit from comparing trade-offs among 
experimental designs. I contribute an empirical understand-
ing of how researchers design and analyze experiments, as 
well as a set of tools that support researchers during that 
process. 

Author Keywords 
Experiment Design; Randomization; Counterbalancing; 
Power analysis; Reproducibility; Simulation 

CCS Concepts 
•Human-centered computing → HCI design and evalua-
tion methods; Laboratory experiments; 
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Figure 2: The iterative process of 
designing experiments: 
(1) Conceptualization, 
(2) Counterbalancing, and 
(3) Testing. 
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Introduction 
In Human-Computer Interaction (HCI), the effectiveness 
of artifacts and interaction techniques is often evaluated 
by controlled experiments. Researchers need to carefully 
design the experiment, collect data from participants, and 
analyze the data using statistical methods. Designing con-
trolled experiments is an iterative process during which re-
searchers need to weight trade-offs by exploring different 
design alternatives (Figure 2) including statistical power 
(Figure 3) [6]. Those decisions, the researcher degrees of 
freedom, are important if researchers try to replicate and 
extend experiments from the literature. Natural sciences 
experienced a replication crisis – a recent survey with over 
1500 scientists showed that 70% were not able to replicate 
experiments from other scientists [2]. To increase the repro-
ducibility of experiments in HCI, Cockburn et al. advocate 
pre-registering experiments [5]. To prevent “Hypothesising 
After the Results are Known”, it is good practice to summa-
rize the experiment and its analysis plan, and pre-register 
them on a public repository. However, pre-registering an 
experiment requires researchers to communicate their ex-
perimental design correctly and entirely. At this point, there 
are tools available that support researchers during parts of 
the design and analysis process while at the same time in-
creasing the reproducibility of experiments. However, each 
of the tools only supports a very specific step, e.g. power 
analysis, thus providing the researcher not with the relevant 
information while designing an experiment. 

Statement of Thesis 
I claim that decision processes and collaboration practices 
in experiment design can be supported by interactive sys-
tems that provide feedback, enable direct manipulation, and 
facilitate thinking with and about data through simulations 
and visualizations. 

Figure 3: Power analysis can be 
used to select the number of 
participants N. 

Interactive Trade-off Exploration 
My first project, Touchstone2, uses a direct-manipulation 
interface to examine trade-offs between different exper-
imental designs [6]. Touchstone2 improves upon previ-
ous work that uses a step-by-step approach [12] and a 
question-answer approach [14] to elicit the input parame-
ters for experimental design. Touchstone2 also adds the 
trade-off comparison between multiple experimental de-
signs. To enable direction manipulation, experimenters can 
specify experiment design parameters with a block-baed 
language, and inspect the results immediately (Figure 4). 

Trade-offs of multiple experimental designs can be com-
pared side-by-side in the same environment. For example, 
changing the counterbalancing strategy might change the 
number of participants needed for the experiments To com-
pare the trial order across different designs, we use BRUSH-
ING [21], and a TABLE LENS [16] visualization to compare 
the distribution of conditions within the designs. 

The design of Touchstone2 was informed by an interview 
study with ten researchers from HCI (6), Psychology (2), 
Biology (1), and Economics (1). We evaluated Touchstone2 
using a workshop and an observational study. During the 
workshop, 17 participants in nine teams were asked to re-
produce their own experiments in Touchstone2, and explore 
two alternatives. Most teams were able to successfully re-
produce their designs, and mentioned that the visual in-
terface helped in communicating the design to the other 
team-member. During the observational study, ten partici-
pants used the power analysis tool to elicit an appropriate 
number of participants. Participants appreciated the inter-
active power chart showing the trade-off between number 
of participants and statistical power but had difficulties un-
derstanding the standardized effect size Cohen’s f. To 
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Figure 4: Touchstone2’s 
blocked-based interface to specify 
experimental designs. 

0.0

0.2

0.4

0.6

0.8

1.0

0 6 12 18 24 30 36
Number of Participants

Power

Design 1 (f = 0.25)
Design 2 (f = 0.167 ± 0.03)

Figure 5: Users can compare the 
statistical power of two 
experiments to choose the number 
of participants. 

CHI Exp Power 

’17 391 6 (1.5%) 
’18 464 10 (2.2%) 
’19 474 13 (2.7%) 

Sidebar 1: Number of papers 
at CHI that use the term “exper-
iment” compared to the ones 
using “power analys”. 

address these difficulties, we created an application for in-
teractive sample size estimation based on statistical power. 

Contribution to the Thesis 
Touchstone2 and the touchstone language (TSL) form the 
first building block for my thesis. During the process of the 
project, we noticed that a more precise domain-specific 
language (DSL) than [19] is needed to represent common 
experiments in HCI. I will use Touchstone2 and TSL in my 
follow-up projects. 

Limitations & Opportunities 
Touchstone2 opened opportunities for expanding the inter-
action capabilities, improving the way to compare trade-offs 
among many design alternatives, and make power analysis 
more accessible to researchers (Figure 5). Touchstone2’s 
interface is currently limited to within-participants designs 
only, while TSL is already able to represent a greater vari-
ety of experiments (e.g. between-, mixed-participants, and 
multi-session designs). However, TSL only includes infor-
mation about the experimental design itself, but no meta-
information which could be useful for data analysis, e.g. 
dependent variables or effect of interest. The search space 
of all possible experimental designs is large and complex. 
Each design has different trade-offs, and the researcher 
needs to judge if an alternative makes sense or not. While 
the interface seemed to be easy to use, it is still difficult to 
efficiently search through all possible experimental designs 
to compare their trade-offs. 

The interactive power chart gave a first intuition about the 
relationship between power and the number of participants, 
estimating the effect size Cohen’s f and possible confounds 
(e.g. fatigue or practice effect) remains challenging. 

We are continuing the work on Touchstone2 to extend the 
block-based language to include a wider variety of designs, 

add a feature to browse through designs in the past, and 
create a proof-of-concept recommender system for design 
choices. 

Interactive Sample Size Estimation 
The number of participants a researcher chooses to recruit 
for an experiment depends on various factors. For example, 

• the availability of the target group (e.g. visually im-
paired people or children), 

• the experiment itself (e.g. longitudinal study over sev-
eral weeks vs. 30 minutes), 

• the counterbalancing strategy, and 
• the statistical power. 

The researcher needs to take relevant factors into account 
and weigh them depending on the research question. 

Statistical power is the probability of detecting an effect 
when it exists in the population. A priori power analysis 
can be used to plan the number of participants for an exper-
iment. At CHI, only a handful of publications use statistical 
power to plan the number of participants (see Sidebar 1). 
I used CERMINE [20] to extract the content of the papers 
and text-filtered for “experiment” and “power analys”1. 

There are packages available that support a priori power 
analysis in R, e.g. pwr [4] and skpr [15], and Python, e.g. 
statsmodels [18]. JMP DOE [17] and G*Power [7] are 
two applications that allow users to specify parameters in 
a graphical user interface. However, none of these tools 
support the decision-making process by enabling compar-
ison between different scenarios in the iterative process of 
experimental design. Touchstone2 supports power anal-
ysis in an iterative way along with designing experiments. 
However, Touchstone2 calculates the power for the over-
all experiment design, and the user is not able to select 

1To include both singular and plural form. 
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Figure 6: The Pareto front might 
not include the preferred solution of 
the researcher. Here, the 
researcher trades some power for 
easier execution of the study. For 
example, reducing the number of 
block switches by testing one level 
back-to-back instead of alternating 
between them. The latter is not 
captured by the objective function. 

conditions of interest. One of the inputs for these tools is 
the expected effect size. In G*Power for F tests, Cohen’s 
f can be specified, or it can be calculated from partial eta-
squared (η2) or the variance. In Touchstone2, Cohen’s f 
can be specified directly and users are able to input mea-
surements to calculate the effect size. Field [8] describes 
that the understanding of standardized effect size was a 
barrier for the researchers which we also found in our sec-
ond evaluation study [6, p. 9]. 

Project 
We developed an application in which users can specify 
multiple parameters instead of a standardized effect size to 
explore their effect on statistical power. Researchers can 
add expected measures, and are able to explore the effect 
of possible confounds such as e.g. learning or fatigue ef-
fect. Different experimental designs can be selected, and 
each of the design or parameter changes can be compared. 
We are revising this work for future publication. 

Contribution to my Thesis 
With this project, we hope to lower the knowledge barrier for 
power analysis making it more usable for a wider audience 
of researchers. In combination with Touchstone2, this tool 
can facilitate the experimental design process and could 
contribute to more rigorous science. 

Optimization-aided Trade-off Exploration 
In Touchstone2, researchers have to change parameters 
to explore trade-offs between experimental designs. This 
trade-off exploration is cumbersome and complex as the 
search space of possible experimental designs is large. In 
order to search this space efficiently, researchers need to 
have a certain level of experience and expertise. Lever-
aging computational power to generate the search space, 

I would like to investigate how optimization could support 
researchers in designing experiments. 

First, the algorithm needs to generate all possible experi-
mental designs to populate the search space i.e. the design 
space, and reduce its size using Pareto optimality. Select-
ing an appropriate experimental design from the design 
space can be viewed as a multi-criteria design task. Re-
searchers need to find an experimental design that best fits 
their research questions and their constraints. However, 
there might not be a single “best” solution because the ob-
jective function, i.e. trade-offs between the alternatives, is 
difficult to specify and the user preference might be fuzzy 
[3, 9]. The number of elements in the design space can be 
reduced by selecting all Pareto optimal experimental de-
signs. An experimental design is Pareto optimal when there 
exists no alternative that is better in one criterion when all 
others are equal. 

Second, the optimal experimental designs for the researcher 
might not be one of the Pareto optimal elements i.e. it might 
not be on the Pareto front (Figure 6). As not all constraints 
can be operationalized by the researcher because they 
might be too complex or vaguely defined, e.g. the block-
ing, or the counterbalancing strategies (Figure 7). This 
means that researchers need to be able to efficiently search 
through the space behind the Pareto front; Khire et al. named 
this area “Pareto band” [1]. 

Third, an additional challenge is that in experimental design 
some parameters can be either design (i.e. input) param-
eters, performance (i.e. output) parameters, or both. This 
depends on the research context, and might differ from re-
search question to research question. For example, the 
researcher needs to decide how many participants should 
be recruited for the experiment – number of participants 
is a design parameter. However, if the researcher uses a 
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Blocked by Device with Latin square. 
Width and Distance are blocked together 
with Latin square.

Blocked by Device with Latin square. 
Width and Distance are blocked together 
with Random counterbalancing.

Figure 7: Two Fitts’s law style 
experiments. Design 1 would be 
preferable as it uses Latin square 
counterbalancing in both blocks. 
However, Design 1 needs a 
multiple of 18 participants and the 
counterbalancing for W × D can 
be random, hence, the researcher 
chooses Design 2 with 22 
participants. 

counterbalancing strategy such as Latin square, or tries to 
exceed a certain power threshold (e.g. 1 − β ≥ 80%)2, the 
number of participants to recruit is a performance parame-
ter. 

Project 
I plan to extend Touchstone2 so that researchers have ac-
cess to the Pareto optimization and can interactively ex-
plore the Pareto band. To start, a preliminary study in the 
form of a semi-structured interview will help revealing pos-
sible interaction capabilities of the new prototype. After the 
said prototype is implemented, I plan to conduct a design 
workshop with senior HCI researchers to identify possible 
breakdowns and opportunities for design. To evaluate the 
application, I will recruit researchers from HCI and other 
fields, and observe them while they are designing their real 
experiments. I plan to observe the researchers while doing 
their data analysis to obtain some data for the next project. 

Contribution to my Thesis 
With this project, I hope to make experimental design more 
usable and efficient to a wider range of researchers by har-
nessing computational power. By using Pareto optimization, 
I strive to create a Human-Computer Partnership to support 
researchers in the experimental design process. 

Closing the Design-Analysis Loop 
Researchers oftentimes design and conduct a study with-
out taking the statistical analysis into account. They op-
erationalize their research question into dependent vari-
ables, i.e. measurements, without further consideration of 
how they might be analyzed. However, without generating 
a detailed analysis plan before conducting the study, the 
researchers might expose themselves to non-intentional 

2β is the probability of making a type II error i.e. rejecting a false null 
hypothesis. 

HARKing3 or p-hacking to obtain statistically significant 
results [11]. To combat HARKing, p-hacking, and the file-
drawer effect4, Cockburn et al. advocate the use of pre-
registration of experiments which should include an analy-
sis plan. Generating a detailed analysis plan is difficult for 
researchers who only have some statistical training and 
analyze experiments infrequently throughout the year. Re-
searchers need to make assumptions about their data to 
choose an analysis from the jungle of statistical tests. Fur-
thermore, the result of the experiment might be heavily in-
fluenced by the design of the experiment. For example, if 
an experiment is too long, participants might be tired at the 
end resulting in a performance decrease. If an experiment 
is too short, the data might be too noisy to draw clear im-
plications. The statistical result can also be used to inform 
and shape the design of the experiment when using simu-
lated data to create a better experiment. 

So far, there are tools that support the learning process 
of statistical methods and tools which facilitate the analy-
sis itself. Wacharamanotham et al. created Statsplorer, an 
application designed for novice users to learn and under-
stand statistical methods [22]. Subramanian et al. created a 
web-application, StatPlaygound, that supports exploratory 
learning of statistics by providing the possibility to directly 
manipulate visualizations of data characteristics, e.g. the 
distribution in the data. Both tools focus on novice users 
and are not designed for integrating into the analysis work-
flow of researchers in practice. Martens created Illmo, an 
application with which users can do data analysis based 
on Thurstone modeling [13]. The analysis is displayed, and 
the users can choose between different models based on 
their research question. Participants liked the visual display 
of information, however, it still requires the user to know 

3Hypothesizing After the Results are Known. 
4Also know as publication bias. Only significant results are published. 
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Figure 8: Researchers see 
analysis results based on 
simulated data while designing an 
experiment. The analysis plan can 
be tweaked and pre-registered 
effortlessly before conducting the 
user study. 

about the modeling procedure before being able to make a 
decision. Jun et al. created Tea, a Python package where 
users can specify their hypothesis in a domain-specific lan-
guage (DSL) and receive valid statistical tests based on 
their data [10]. 

None of these tools support the user in designing and an-
alyzing an experiment at the same time to generate an op-
timal design for the research question. If an experiment is 
designed thoroughly and pre-registered, its result should 
yield valuable implications disregarding the statistical signif-
icance. 

Project 
I plan to create an application in which researchers are able 
to design experiments and see the statistical results based 
on simulated data in order to study how researchers design 
experiments when they can better anticipate the results 
(Figure 8). To start, I plan to conduct semi-structured inter-
views with expert and novice HCI researchers to learn more 
about their practices for doing statistical analysis. To study 
the decision-making process of experimenters, I plan to re-
cruit HCI researchers who design, conducted, and analyzed 
experiments in the recent past. Researchers will receive 
an executable template in R or Python, which they can use 
and tweak further, as well as a summary report that can be 
directly pre-registered. 

Contribution to my Thesis 
With this project, I hope to close the loop between experi-
mental design and data analysis by enabling researchers to 
think about and explore the statistical results. Researchers 
will be able to make better decisions in favor of their re-
search question and reproducibility. 

Research Situation 
I am in my second year of my four-year Ph.D. program un-
der the supervision of Prof. Chat Wacharamanotham at the 
University of Zurich. During my first year, I completed all 
my coursework requirements and will be able to focus on 
research going forth. I am currently working on my Ph.D. 
proposal which I will defend in spring 2019. 

Expected Contributions 
The result of my thesis is a set of applications which sup-
ports researchers in designing their controlled experiments 
by giving them in place information about statistical power, 
possible alternatives and their trade-offs, and their statis-
tical result. My work will add an empirical understanding 
of how researchers currently design experiments and how 
existing systems support these tasks. Ultimately, I hope to 
contribute to a more rigorous design and analysis of con-
trolled experiments. 
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