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Abstract

Online controlled experimentation (OCE), also called A/B testing, is an often used
tool in industry to determine if deploying changes into production is the right decision
to make. Running experiments has shown an immense impact to the revenue of com-
panies in industry, however this type of experimentation comes with a lot of pitfalls, of
which some that can invalidate the entire experiment.

This thesis describes the impact these pitfalls have on the work of experimenters
at ING, a global bank, by performing informal interviews with practitioners and per-
forming a survey with 52 participants. Next, building on existing solutions, a set of
solutions is proposed to solve these pitfalls. To determine if these solutions solve the
problem and will help the experimenter, these solutions are validated in the same sur-
vey.

This thesis shows that experimenters are well informed about the existence of pit-
falls and believe that almost all should be resolved, with the exception of competitor
safety, which is believed to not be important. There are many promising solutions to
these pitfalls which experimenters rate as helpful. The best rated solution was ”Enforc-
ing the correct experiment duration”. Almost all respondents perceived the solution to
(slightly) help the experimenter in performing their experiments. Finally, this thesis
creates a roadmap for evaluating these solutions in a real-world scenario.
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Chapter 1

Introduction

In 2014, Facebook engineers came back after Christmas and found that they had an problem.
During Christmas, people had uploaded an enormous amount of Christmas pictures (more
than Flickr had gotten in the entire lifetime). This also meant that the amount of content
reported as hate speech, sexual abuse, etc. went up so drastically the team responsible for
handling reports couldn’t keep up anymore. When Facebook engineers started to look at the
reports, they realized that 97% of these reports were miscategorized. Weirdly, in many cases
the people making the report were in the picture. In fact, a picture flagged as hate speech
was usually nothing more than an embarrassing image. To solve this problem, the team
made it their goal to reduce the amount of reports by having the person contact the poster
of the image to take it down. To achieve this, they added “Its embarassing” to the possible
reasons of reporting an image. When a user clicked that it would open a new conversation
with that person. The team wanted to run an experiment to test what would work better:
an empty chatbox (version A, the control) or a chatbox with a default message (version B,
the treatment) [30]. The result was that with an empty chatbox only 20% of the people
would start a conversation, but with the default message it was 50%. [43]. This default
message was implemented for a long time on the site. This type of test is called an Online
Controlled Experiment [30]. This type of experimentation is now used throughout the web
and is used extensively by Facebook. For any user of Facebook, there is an almost 100%
certainty they have been part of a controlled experiment. In 2015, a user was on average
part of 10 experiments at any given time. [43]

1.1 Online Controlled Experiments

Online controlled experiments (OCEs) or in literature also called A/B test, randomized ex-
periment (single-factor or factorial designs), split test, Control/Treatement test and parallel
flight are everywhere on the internet [29, 30]. An online controlled experiment is where all
visitor to a webpage are split between two different variants to see which performs better
on some metric. The idea of a controlled experiments is relatively simple and dates back
to Sir Ronald A. Fisher’, a founding father of statistics [23]. The idea of systematically
running experiments to find the return-on-investment of new features in software seems to

1



1. INTRODUCTION

have been first termed by Dan McKinley in 2012 in a presentation about experimentation
at Etsy [10]. This idea took off, as the web provides an unprecedented opportunity to eval-
uate ideas quickly using controlled experiments [30]; deploying changes on the internet is
cheap and each experiment can exposes hundreds of thousands —and sometimes even tens
of millions— of users to a new feature or change [24, 30]. Furthermore, controlled ex-
periments enables the experimenter to control for external factors, making sure the change
is related to a new feature, not to a random fluctuation [36]. Because of this controlled
experiments are becoming a standard in data-driven software companies. [19, 18]

Controlled experiments can bring a form of clarity to an organisation. Every experiment
needs to have an Overall Evaluation Criterion (OEC), which is a quantitative measure of
the experiments objective [13] . These objectives should relate to the overall goal of the
organization. This aligns the entire company to focus on one or more (ranked) goals [19,
30]. In the example in the introduction, this goal was number of started conversations. If
number of sales is the goal, increasing prices to make more profit, will likely be bad idea,
as this will lower the amount of sales.

1.2 Human Error in Controlled Experiments

The number of companies using experimentation and the number of experiments inside
these companies are growing [36, 15]. Therefore it is infeasible to have only experts doing
experiments. Furthermore, finding an expert in both experimentation and the context of the
experiment is even less feasible.

To solve this, organizations use in-house tools [18] to help non-experts create and exe-
cute experiments. However, this tooling needs to embody the knowledge of an expert. This
has proven difficult, as experts are still uncovering and solving problems related to OCEs.
In every area, at every stage of running experiments pitfalls exist that can influence the pro-
cess, at worst invalidating the experiments. Bad data can be actively worse than no data
[19]. These pitfalls range from making sure the tooling to collect data are working correctly
and making sure the platform is statistically valid, to making sure that the experiment layout
is valid. A large amount of literature details these pitfalls and how they have affected the
organization reporting it [19, 30, 10, 22].

We can define two main categories of pitfalls, those on a platform level and those on an
experimenter level. On a platform level it is a must to make sure that the data is gathered
correctly. This problem is, although important, only interesting in a technical perspective.
However, pitfalls on an experimenter level combines the technical with a human aspect.
That is why it was chosen focus on pitfalls, which contain human error.

Many companies are moving to become data-driven organizations and therefore are
starting to use experimentation to make decisions. When building their own platform, a list
of implementation guidelines is missing. This thesis will provide indications which areas
might provide the biggest payoff.
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1.3. Industrial Context: ING

1.3 Industrial Context: ING

ING is a global bank with its main base in the Netherlands and Belgium. It employs around
53,000 employees, which serve around 38.4 million customers, corporate clients and finan-
cial institutions in over 40 countries [27]. ING is already running some controlled experi-
ments on the web and wants to expand this in other areas of the company. It can therefore be
determined that it is in the midst of adopting this technology. ING has their own experiment
platform called the Experiment Office, where tests can be created and results be viewed.
ING has recently started a partnership with the TU Delft under the banner of AI4FinTech,
under which this research was performed.

1.4 Research Questions

From the main problem statement follows the main research question this thesis tries to
solve:

How can we reduce human error in online controlled experimentation?

To help experimenters, many areas will need to be resolved. Therefore this main ques-
tion is divided in 3 sub questions. First, an overview needs to be created of the pitfalls,
which are relevant for this research and solutions which can solve these problems. There-
fore the first sub research question is:

RQ1 What are key pitfalls and their potential solutions?

After a list of solutions exist, they need to be validated. As one important aspect of
supporting the experimenter is that any change we make should be in the benefit of the
experimenter. Any change should not decrease the satisfaction the experimenter has of the
platform. This requirements is both important, because it is the right thing to do and because
organizations have an incentive to keep this in mind. After all, when changing to become a
data-driven organization it is counter productive to have tools employees/experimenters do
not like. Furthermore, a deeper dive into the pitfalls is required, as the same holds for the
pitfalls themselves. Having a great solution does not mean something if the pitfall in and of
itself is not believed to be important.

RQ2 How are pitfalls and their solutions experienced?

Once a clear idea exists of which solutions could work, implementing such solutions in
a real-world environment should be the next priority. A plan needs to be layed out on how to
implement the solution, solve problems on the way to implementation and and if the results
after implementation collaborate the results of earlier work. Therefore the last subquestion
is:

RQ3 How can one evaluate a solution in a real-world scenario?

3



1. INTRODUCTION

1.5 Contributions

This work made many contributions to the scientific knowledge of continuous experimenta-
tion. To the authors knowledge, this is the first body of knowledge surveying experimenters
with solutions for pitfalls, before implementation. In the rest of this section these contribu-
tions will be discussed.

First, this thesis proposes solutions to pitfalls in online controlled experimentation by
looking at existing solutions.

Second, it shows a comprehensive overview of the state of online controlled experi-
mentation at ING. By performing an interview with practisioners in the field, determining
workflows and documenting experiences by practisioners and analyzing the current experi-
ment platform, an empirical contribution[6] is added to the knowledge of OCE’s.

Finally, another an empirical contribution[6] is created, as this thesis evaluates how 19
pitfalls are experienced and verifies the 8 proposed solutions, which can help experi-
menters avoid those pitfalls when experimenting.

1.6 Thesis outline

To have a good understanding of the industrial context (ING), in chapter 2 a small case study
is done, to give the reader an overview of the state and practice of online experimentation
at ING. This chapter concludes with informal interviews conducted with ING employees to
get an overview of their workflow (2.3).

In chapter 3, the first part of RQ1 is answered; which pitfalls in existing research are
key to this thesis. Each of these key pitfalls is then explained to the reader in greater detail.
In chapter 4, the second part of RQ1 is answered: which potential solutions exist to solve
the pitfalls. In chapter 5, the methodology is described on how a survey is used to determine
how pitfalls and their solutions are experienced by experimenters (RQ2). After this survey
has been performed, in chapter 6, the results of the survey are analyzed. These results can
then inform the implementation of the solutions. In chapter 7, the thesis proposes a roadmap
to evaluate the proposed solutions, in order to answer RQ3.

Finally, in chapter 8 the thesis is wrapped up, by drawing conclusions, discussing threats
to validity and describing future work.
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Chapter 2

The context of ING

Before we can dive deeper into the problem, we need to first have an overview of the context
in which this problem resides.

The goal of this chapter is to present the reader a thorough view of the state of continu-
ous experimentation at ING. This is done by first in section 2.1, by providing the history of
experimention at ING and the place in the run walk and fly stage. Next, in section 2.2 the
experiment platform of ING is discussed. Finally, in section 2.3 the interviews that were
performed to gain a deeper understanding of the state of continuous experimentation at the
company.

2.1 Experimentation at ING

ING is a global bank with its main base in the Netherlands and Belgium. It employs around
53,000 employees, which serve around 38.4 million customers, corporate clients and finan-
cial institutions in over 40 countries [27]. ING, just like many other companies is in the
midst of digital transformation [25, 26]. More than 80 percent of customer interactions now
go through mobile devices. This switch from offices to digital devices is so profound that
the main message in the yearly report of the CEO at the time, Ralph Hamers, was that “The
digital customer experience is the key differentiator”. He explains that “ING’s ambition is
to be a leader in terms of the digital banking experience, offering retail and wholesale cus-
tomers everywhere the same empowering and differentiating experience” [26]. Therefore
optimizing this customer experience should be at the heart of the future of ING. One of the
ways in which ING has been doing this, is via ING’s Analytics Unit. Established in 2018
[26], its goal is to accelerate the bank’s analytics capabilities and lead the transformation
to become a truly data-driven company [26]. Currently more than a 100 data scientist are
working at this unit to make this goal a reality [26].

History of Experimentation at ING From our conversations with employees, we learned
that ING has a long history with experimentation. At the PostBank, a predecessor of ING,
direct mail was sent to a subset of customers. The direct mail consisted of multiple parts, a
header, images, multiple paragraphs, etc. For each of these parts, variants were created and

5



2. THE CONTEXT OF ING

combinations of these were sent to customers. The most successful variants were combined
into the final mail, which was sent to all customers.

2.1.1 Maturity of continuous experimentation at ING

To determine the state of ING testing, we will be using the crawl walk run and fly stage
by Fabijan et al. [17]. The authors are experts in the field of continuous experimentation,
however the framework that is described here does not seem to be referenced in in literature
by other authors. Therefore we can consider this framework as highly indicative, but not
conclusive to the state of experimentation at ING. According to this framework, ING is in
the walk stage, similarly to most other companies trying to perfrom OCEs [18].

ING has made great progress in implementing Continuous experimentation, however
there are still improvements that can be made. ING and the research community could use
this to their advantage. ING is in the perfect position to document the struggles, roadblocks
and solutions, best practices and strategies to lead other organizations moving to a data
driven culture.

2.2 The Experiment Office at ING

Experimentation at ING is done using the Experiment Office. The Experiment Office is a
tool built in-house to support their own experiments.

The Experiment Office is decoupled from the implementation of the experiment. This
is done to support multiple platforms at once. Currently the web is the only supported
platform on which experiments can be run. However ING is slowly rolling out support to
enable running experiments on the mobile apps as well.

The Experiment Office accomplishes its decoupling, by having a web API, which a de-
veloper can call to register feedback. By calling endpoints on the web API the server can
determine which variant this user came from and if the variant was successful. The Experi-
ment Offices also allows the creation of experiments in a test or acceptance environment to
test if the test is correctly set up.

One interesting thing to note is that the Experiment Office is unable to determine if a
variant failed for a user. It’s only able to determine that a user succeeded. There is no
way for the implementation to register a failed instance and should be inferred from other
metrics. This is a result of how the platform was implemented.

When creating an experiment, an experimenter might want to test the experiment in
a test or acceptance environment before deploying to production. The Experiment Office
offers this functionality. By having each environment on a different subdomain, a clear
division is made to experimenters on where they are running their experiments.

The experiment is maintained by the Tetris team at ING. This team took over the Ex-
periment Office from squad Panama in March of 2018. With a small team, they maintain
and extend the Experiment Office.
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2.2. The Experiment Office at ING

2.2.1 Types of experiments

The Experiment Office has multiple ways of showing users different variants. Although
only A/B-tests can be seen as an actual experiment, we will follow the documentation of
the Experiment Office:

A/B test An A/B-test is an online controlled experiment, as follows from the definition.
Within ING, the term A/B test is preferred over ”online controlled experiment”.

Pilot A pilot differs from an A/B test in the participation strategy. Instead of using a random
subset of users to show variant A or B to, the experimenter can either provide a list
of users to show the new variant to or users themselves can choose to see the new
variant. This therefore introduces bias into the experiment and cannot be used as an
actual experiment. However a Pilot can still be very useful to gather feedback from
active users. Or to make sure a feature actually works before rolling it out.

Rollout To reduce the possibility of shipping a broken feature to customers, a rollout ex-
periment type exists that enables the experimenter to slowly roll out a new feature
to all users. As soon as it is manually determined that the future is not working as
expected, if the new feature is breaking functionality or it is throwing exceptions, the
feature can be rolled back without having been seen by the entire user base of the
platform.

2.2.2 Creating an experiment

To create an experiment, two main steps are required. The first step is to setup the new
experiment in the Experiment Office. The second step is to actually build experiments where
the content exists (Polymer [21], CMS), commit this to the experimenters own repository
and deploy this. To create new experiments in the web interface of the Experiment Office,
an experimenter navigates to the dashboard and clicks new experiment. There they can
choose the experiment type, as seen in Figure 2.1, which was discussed above.

After this is done, they can move to step 2 (Figure 2.2), where more information about
the experiment is requested: the title and a hypothesis. This forces experimenters to think
about the experiment and what they actually want to test and what the result of the exper-
iment should be. Next up they choose a success criteria where they are forced down to
decide when this experiment should be considered a success.

Finally, in the last step of the process, the experimenter chooses the target group and the
tool/tracking method used to collect metrics and track the user through the system.

2.2.3 Experiments on the platform

The Experiment Office launched in March of 2015. The first experiment in production
launched a year later, in December of 2016. A total of 1875 experiments have been run on
the platform of which 1067 were an online controlled experiment. To get a better view of
the experiments being run at ING, an export was made of the platform at June 26th 2020.
The rest of this section will discuss insights from this data.
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2. THE CONTEXT OF ING

Figure 2.1: Step 1 of the experiment office flow, picking the experiment type and choosing
where the experiment will be run

If one looks at the A/B tests performed from June 26th 2018 until June 26th 2020, 339
experiments were started, 43% in production, 37% in testing and 20% in acceptance.

From Figure 2.4 we can see that until March 2019 the number of experiments increased,
however after this time, the number of experiments are slowly going down. If we look only
at experiments in production (Figure 2.5), this change is even more pronounced. We can
also see a sharp decline in the number of A/B experiments in the months of March, April,
May and June 2020, which can probably be attributed to the corona outbreak of 2020 [49].

As there are three environments, a single experiment-id might exist on more than one
environment. In the Experiment Office, 92 experiments are found in two stages, 148 in all
three.

Many experiments do not yield significant results. If we look at A/B experiments run
in production, only 26% (37 experiments) of the experiments are significant. In test and
acceptance, only a single experiment is significant, which is explained by the low traffic on
these pages, making it hard to reach significance. Many teams or squads, as they are called
within ING, are using the platform, as can be seen in Figure 2.6, which is both a positive and
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2.2. The Experiment Office at ING

Figure 2.2: Step 2 of the experiment office flow, creating documentation for the experiment
(title, hypothesis and variants)
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Figure 2.3: Step 3 of the experiment office flow, choosing the participants group and runtime
of experiment

Figure 2.4: Overview of the number of experiments run at ING
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2.3. Interviews

Figure 2.5: Overview of the number of experiments run in production at ING

negative result. It is positive, as this means it is likely many parts of the organisations are
learning to become data-driven. However, at the maturity level (2.1.1) ING is in now, this
could lead to knowledge being spread out too thin and therefore experimenters not having
all the knowledge to run trustworthy experiments and get trustworthy results.

2.3 Interviews

Overview To get an overview of the difficulties experimenters face when creating con-
trolled experiments at ING, we conducted interviews with 4 users (experimenters) (P1-P4)
of the Experiment Office. These interviews were unstructured and performed in an informal
way with the goal to get an overview of how online controlled experimentation is performed
at ING. Questions included how they come up with an experiment, how they use the Exper-
iment Office to run their experiment, what they think of the Experiment Office and what can
be improved. Because the interviews were performed by a single person, and in an informal
way, this can introduce bias into the results, both in the way the questions were asked and
how the results are presented here.

Participants Participants were chosen to have many different viewpoints (experience,
platform, etc.). Participants were requested via mail to have an interview of around 45
minutes. Each of the participants at the time of the interview had run experiments in the last
month on the Experiment Office. The number of conducted experiments varies per partic-
ipant. Numbers ranges from 5 (P1), 10 (P4) or 14 (P3). The experience of the participants
differs from six months (P1) to 9 years (P2). P1, P2 and P3 all use a a content manage-
ment system (CMS) where they create two different versions of the same page and hook the
Experiment Office into it. P4 is a programmer, who uses code to create experiments and
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Figure 2.6: Number of experiments ING squads performed in the past two years. Each color
is a squad. Names have been left out for non disclosure reasons

finds that creating experiments in this way takes a long time. All see the potential of using
experiments to improve customer experience.

Other areas in OCE Interesting to point out is that experiments at ING are not only per-
formed using the Experiment Office, but also using the tools from social media platforms,
where ING puts advertisements. For example, Google ads or Facebook ads are used to serve
potential customers ads for new products. P2 mentioned that there might be more experi-
ments performed on these platforms than experiments on the ING.nl website. In this case
the titles of the ads are changed or it is tested if a countdown timer or static time works best
(P2).

Another area where ING performs experiments is via email. If a customer is already an
ING customer, ING is allowed to contact the customer to sell a new product. According to
P2, the moment this email is sent is crucial. P3 mentions the journey a customer takes when
buying a product; See (realize you want something to solve a problem), Think (researching
the best solution), Do (buy the product), Care (evaluating if they bought the best solution).
Only in the Think and Do phases an email can be relevant and this poses the problem of
figuring out in which stage the customer is and how one can best help them.
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2.3. Interviews

Origins of OCEs For different participants, inspiration for new experiments comes from
different angles. P3 goes through the process the customer goes through and notes down
everything that makes P3 think: “hmmm, that can be improved”. Then customer feedback
is added to add new ideas and determine which ideas have the largest chance of being
impactful. P3 states that this order is a must, as you need context to understand what the
customer is going through, before reading the feedback. P2 has a different approach and
estimates that for them the feedback only accounts for around 20% of new experiments.
For P2 the largest origin (˜65%) of the new ideas for experiments come from conversations
with other squads. Lessons are learned in one squad, which can be relevant for other parts
of the website. The final 15% are found in customer feedback, where they complain that
something does not work correctly or have other ideas on improving the flow.

Creating an OCE After ideas have been brainstormed, the experiment needs to be launched.
P3 mentions that they calculate the minimum duration of an experiment up front, although
both P2 and P3 mention that any experiment will be run for at least two weeks. An ob-
servation, made explicit by P2, but also applicable P1 and P3, is that once an experiment
is running, another one cannot be launched. This is impossible on the platform with CMS
experiments and generally considered bad practice. This creates the situation where if there
are 26 small improvements you would like to make to a page, this would take an entire year.
This is why P3 mentions that 3 weeks is the maximum length an experiment can run, as
otherwise it would simply take too much time, even if the results are not significant yet.
This is also recognized in the literature [19].

Dissapointing outcomes In the end, conclusions need to be drawn. Something that is
mentioned in literature [17] and here is reiterated, is that a negative outcome can be dis-
appointing. P3 mentions that at ING, the best practice of leaving the current version in
production is followed, after which something else might be tried. However the experi-
menter will always stay defensiveness about the idea. They might think of possible ways
that their idea might be right after all. This enforces the idea that trust in the platform is of
upmost importance.

Drawing conclusions It is also interesting to see that for drawing the conclusions multiple
approaches are taken. P1 and P4 look at the entire sales funnel to draw the final conclusion.
A sales funnel is the entire process from seeing the ad to buying the product. After all,
more people clicking on an advertisement does not necessarily imply more people buying
the product. If more people click on the advertisement, to continue the example, P1 will
put it into production and check after two weeks if the number of sales has also increased.
P2, however, states that they do not check the sales funnel, as there are too many factors in-
volved to draw good conclusions. Before making a decision, P4 also looks at some guardrail
metrics (3.3) to make sure nothing is breaking.

Thoughts of the experiment office Overall, participants are pretty happy with the Exper-
iment Office and praise its ease of use. P1 found getting started with the tool easy. The par-
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ticipants were also asked if there could be anything improved about the Experiment Office.
Interestingly, all participants mentioned that they would like to keep track of more metrics.
P2 and P3 want more metrics to base their conclusion on. Besides this, P4 would also like
to have guardrail metrics. P1 would even like to follow the customer through the entire sales
funnel and mentions that the integration of the metrics software, WebTrekk (7.2), could be
improved upon. P1 and P4 mention that grouping is also lacking, for example P4 would
like to group by device (who is on mobile).

Another point of improvement is the sharing of results. Both P1 and P2 miss the pos-
sibility to share knowledge about which changes have the biggest effect on the KPI’s (key
performance indicators). Especially since P2 mentions that such a large part for new ideas
for experiments comes from other squads.

When talking about how P3 calculates the minimum duration, they mention they are
using an Excel file, where they fill in fields and it gives them the length of an experiment.
They would rather see this as a part of the Experiment Office.

P4 mentions that the Experiment Office does not maintain any libraries to integrate with
code (in later meetings with the team that maintains the Experiment Office, we learned that
they do not have the manpower to do so). P4 continues explaining that because of this,
many teams, including his, have created their own libraries to interact with the platform,
making the cost and buy-in for experimentation higher and harder than necessary.

Conclusion This sections paints a picture of how experiments are being performed, from
the origin of the idea for testing, to drawing the conclusions. Interesting points are that ING
is performing experiments, not only on web, but also on other platforms, like Facebook and
Google ads. There are still many features that experimenters want, but overall the opinion
of the Experiment Office is positive.
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Chapter 3

Common pitfalls in Online
Controlled Experiments

This chapter will be based on work of Mulders [40], who created a reprehensive literature
review of 35 pitfalls found in the field of online controlled experimentation. These pitfalls
are often made mistakes, while performing online controlled experiments. Other attempts
to find additional pitfalls yielded no new results.

However, not all of these pitfalls are relevant for this research. Some of the pitfalls
are already resolved, meaning ING has already implemented solutions to these problems.
Trying to figure out the impact or possible solutions is no longer relevant in this case. For
example, any experiment started at ING must already have a hypothesis. Asking how of-
ten they create an experiment without hypothesis, dives more into the effectiveness of the
solution and although interesting, is out of scope of this thesis.

Other pitfalls do not contain a human element. As described by the research questions
(1), any pitfall not caused by human error merely requires implementation effort and not are
therefore requires a different (less interesting) way to be researched. For example, checking
for data quality issues is not something that requires the interaction of an experimenter.

To make sure the filtering of the pitfalls was done correctly, the results were verified by
an ING employee, who has extensive experience with OCE’s.

Table 3.1 shows that 19 pitfalls are both human error and not resolved in the platform
of ING. These we will explain further down below.

Something to mention is that there are three pitfalls, which Ernst [40] does not provide
a reference in the original work nor for which references could be found. These pitfalls are
“Withholding results”, “Not confirming the winning variant” and “Encourage more experi-
ments”.

3.1 Falsifiable hypothesis

Issue There is no hypothesis for the experiment or the hypothesis cannot be proven wrong
[19]
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3. COMMON PITFALLS IN ONLINE CONTROLLED EXPERIMENTS

Id Shorthand Is Human Error Is Implemented
01a Hypothesis exists Yes Yes
01b Falsifiable hypothesis Yes No
02a Available metrics No No
02b Direction of change in hypothesis Yes No
02c Guardrail metrics Yes No
03a Technical debt Yes No
03b Competitor safety Yes No
03c Churning users Yes No
04a Minimum effect size Yes No
04b Minimum duration Yes No
04c Withholding results Yes No
05a Simultaneous experiments Yes No
06a Failure checks Yes No
07a Needed metrics are present No No
07b Dedicated metric collection system No Yes
08a A/A tests No No
08b P-values in A/A tests No No
08c Significant A/A tests No No
09a Number of changes Yes No
10a Cross experiment contamination No Yes
11a Intermediate conclusive results Yes Yes
11b Day of week effect Yes No
11c Early stopping No No
12a Post experiment health checks No No
12b Confirm winning variant Yes No
12c Post experiment checking of guardrail metrics No No
13a Encourage more experiments Yes No
14a Grouping of experiments No No
14b Higher level question Yes No
15a Share learnings Yes No
17a Data quality issues No No
18a Novelty effects No No
19a Skewed data No No
20a Rerun experiment when results are marginal Yes No
20b Validation of experiment Yes No

Table 3.1: table of all the pitfalls . The ids are the ids as they originally appear in the work
of Mulders [40]
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3.2. Direction of change in hypothesis

Cause When creating an experiment, it is of great importance to know what the goal of
the experiment is going to be. One important part of determining that goal is the
hypothesis that describes what the experiment is trying to prove.

Result If a hypothesis cannot be proven wrong, there will be no experiment necessary, as
the result is already known.

3.2 Direction of change in hypothesis

Issue It is unclear if the experimenter is looking for any change (better or worse) or only
wants to know if the metric moves in one direction (only better). An example of such
a correct hypothesis is: ”When removing the sign up, we expect signups to go down”.
In this case the metric measured is the number of signups and the direction is that this
number will decrease.

Cause Statistically, the maths between calculating significance and calculating the possi-
bility of a significant change in one direction is different than calculating the pos-
sibility of a significant change in one of two directions. Therefore, by forcing the
experimenter to choose, we can better manage this. Another advantage of forcing the
experimenter to do this, is that they are forced to think about what the result of the
experiment should be [28].

Result If the experimenter does not specify what type of statistical test they want to do,
this could result in an invalid experiment and therefore wrong results.

3.3 Guardrail metrics

Issue When running experiments, it is best practice to have a set of metrics setup which are
made sure to not change significantly negatively [34, 14]

Cause OCEs can be seen as a playground. A safe place to experiment with new ideas,
without facing repercussions when things go wrong. However, just like a parent in a
playground, you want to keep an eye out, just in case something dangerous happens.
A similar thing occurs with OCEs. When running experiments and following the best
practice of focussing on only one metric [30, 14], it is best practice to have some
metrics being tracked in the background to make sure nothing is going wrong. The
most simple thing to look out for is if an experiment crashes the entire website (see
section 3.11). However, there might be other metrics the company wants to measure.
For example, it might not matter that more people click a link, if that amounts to
people overall creating less revenue. Other metrics which could be tracked by the
company are long term goals it is striving for [19]. The collection of these metrics is
called guardrail metrics.
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3. COMMON PITFALLS IN ONLINE CONTROLLED EXPERIMENTS

Problem If no guardrail metrics are setup, some experimenter might inadvertently ruin
the reputation of the entire company or damage the company in another way while
focussing on that metric

3.4 Technical debt

Issue Technical debt is the implied cost of additional rework in the future by choosing an
easy (limited) solution now instead of taking a better approach that would take longer
[47].

Cause One thing that is likely is to happen is leftover code of past experiments being in the
code base [44].

Problem This should be removed from the code base to reduce technical debt [19], as these
’shortcuts’ can hinder future progress. Therefore making it take longer to implement
new features.

3.5 Competitor safety

Issue Running OCEs in production might give a competitor an indication of a new product
(line) being developed

Cause Testing product ideas in production causes customers and possibly competitors to
become aware of these ideas

Problem This might give competitors more time to catch up or beat time to market [19].
This situation is unfavorable and therefore should be thought about when starting an
experiment.

3.6 Churning users

Issue Churning in this context explains the situation that the software is degraded in such
a way that users leave the product.

Cause Although it is great to test every idea, experimenters need to always keep the final
experience for the users of the platform in mind.

Problem If, for example, an OCE gives customers a bad onboarding experience, they might
not choose to join after all, making the organization lose a customer [19].

3.7 Minimum effect size

Issue The minimum effect size is part of the calculation of how long the experiment should
run.
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3.8. Minimum duration

Cause The minimum effect size enables one to determine, with statistics, how many users
are needed to test with to measure a 5%, 10% or 100% change [19]. After all, it is
easier to see if a new version is 100% better than 1%, as the cause of a 1% change is
more likely randomness if there is a small number of participants.

Problem If this is not calculated, the experiment could run longer than necessary or too
short to get meaningful results.

3.8 Minimum duration

Issue The minimum duration is how long an experiment should at least run to gain signifi-
cance.

Cause A lot of other pitfalls fall under this main pitfall [14]. Novelty effects, which is
the effect of the interaction with a new feature being higher, because the feature is
new and exciting [19]. After some time, this newness fades and actual results can be
drawn. The reverse can also happen. Changing the layout of a webpage, for example,
might decrease the speed and interaction at the beginning, but might perform better
in the long run. This effect is called the primacy effect. Another pitfall related to the
minimum duration is stopping the experiment when significance has been achieved
[36]. Running the experiment longer might result in the feature not being significant
after all, as the significance can change over time. [19]

Problem If this is not calculated, the experiment could run longer than necessary or too
short to get actual results.

3.9 Withholding results

Issue Withholding results from their experiments from experimentersmight will result in
the experimenter drawing better conclusions.

Cause If intermediate results are visible for experimenters and variant A starts out as better
than variant B, this might lead to ”rooting” for this version to win.

Problem This makes the experimenter biased towards a solution. This should be avoided
as much as possible.

3.10 Simultaneous experiments

Issue Experiments which influence each other.

Cause Experiments running at the same time might influence each other. The most ex-
treme example is when one test tests a different color for a button, while another test
removes the button.
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Problem If the participants are not well distributed, this could lead to unwanted conse-
quences. Furthermore, if users are being exposed to multiple AB-tests at once, this
could lead to invalid results [31].

Color A Color B Total

Shown 10 30 40
Hidden 30 10 40
Total 40 40

Table 3.2: Table showing an example of simulatenous experiments

In Table 3.2, both experiments and variants have an equal number of participants. How-
ever, for 75% of the participants the variant with Color A is going to be hidden, therefore
not generating any interaction.

3.11 Failure checks

Issue An OCE crashing or otherwise not performing correctly could break the running
software.

Cause Sometimes an implementation of a new feature will make the application crash.
Failure checks then make sure to shut the experiment down when this happens. [19,
28]

Problem Crashing software brings possible downtime and therefore possible loss of cus-
tomers and revenue.

3.12 Number of changes

Issue The increasing complexity of experimenting with more than one change at once.

Cause Usually an experiment consists of a version A and B. However sometimes an ex-
perimenter might want to experiment with multiple changes at the same time. For
example, by giving every button on a page a specific color. However, these tests are
usually more difficult and should be double checked if there is the possibility to see if
the experiment can be done in the A/B fashion, [13] as this takes less time and effort.

Problem This increased complexity increases the chance that statistical tests or something
else in the experiment goes wrong

3.13 Day of week effect

Issue Not running an experiment for a limited amount of time.
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3.14. Not confirming the winning variant

Cause The audience of software application can differ on time and day. On weekends
different segments might visit the website [30, 53]. To represent the actual population
of the website, it is important to run experiments for full weeks. This should even
occur when the experiment becomes significant quickly, as running the experiment
for the full week might result in the results not being significant.

Problem If one section of the users is not correctly taken into account, this will give an
incomplete result and possibly result in the wrong conclusion.

3.14 Not confirming the winning variant

Issue Not checking the version put into production.

Cause After an experiment has concluded, the winning version is usually put in production
and the experiment cleaned up.

Problem When an experimenter does not make sure the winning version of the experiment
works as expected, this could result in a broken version of the feature being put into
production.

3.15 Encourage more experiments

Issue Not asking for new experiment ideas at the right time.

Cause An experiment has the goal to see if a hypothesis is true. However, while exam-
ining/discussing the results interesting insights or ideas for new experiments can be
discovered

Problem By not providing the space for an experimenter, the business might miss a great
new idea.

3.16 Higher level question

Issue Not being able to see the larger picture.

Cause Experiments are not run in a vacuum. Most of the time they are used to answer a
higher business level question [19].

Problem If no infrastructure in place to think about these questions, it might be the case
that the product ends up in a local optimum. It is therefore good to be able to group
these experiments, so that this relation is clear to other users.
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3.17 Share learnings

Issue Not being able to share learnings of experiments

Cause One factor important when becoming a data driven organization is to share the learn-
ings from experiments. [19, 17, 35]. These can range from how to setup the best ex-
periment to sharing the actual learnings from the experiment and having a repository
of all experiments ever run [28]. From the interviews in chapter section 2.3, we also
found that experimenters really feel a need for both.

Problem Experimenters will make the same mistake or miss out on great new product ideas

3.18 Rerun experiment when results are marginal

Issue If the difference (significance/results) between two versions is low, rerunning the
experiment could shed more light on which version performs better.

Cause If the difference between two versions is small, i.e. if the metrics do change, but
only by a little bit, then the experiment should be rerun again to validate that the
results were correct and not the result of chance. [19]

Problem Only barely significant results might be because of chance, not of actual differ-
ence.

3.19 Validation of experiment

Issue Not validating the experiment

Cause Reproducibility is one the most important factors of science. If rerunning an exper-
iment results in a different outcome, the setup was incorrect, it might be by chance
or there are other influences which were not accounted for. Therefore, experiments
which ran on the platform should be reproducible [19] and some experiments should
be rerun on a certain timescale.

Problem If experiments are not rerun to check the validity of experiments, this could lead
to wrong experiments being performed.
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Chapter 4

Solutions to pitfalls

In this chapter, we will analyze the problem and propose solutions to answer the second part
of research question 2: “What are key pitfalls and their potential solutions?” (1.4).

4.1 Existing AB-test frameworks

To create solutions for the pitfalls it would be of help to look at other existing frameworks
to see if any other platform has already created a solution to this problem and if so how they
do this. We mainly look at other commercial products, as they have public documentation
and online demos available. For most internal tooling, Microsoft’s platform Exp [23] for
Example, no screenshots or documentation could be found and therefore are not mentioned
here.

4.1.1 Optimizely

Optimizely [53] is a popular AB-testing framework for performing experiments on web-
sites. Optimizely claims that 24 of the top Fortune 100 companies are using Optimizely
to perform tests. It uses Javascript to change the content of a page on the fly[42]. This
enables it to be deployed quickly to any website, however Javascript has some downsides
that should be discussed.

The first downside of using Javascript is that it takes time to load in the code to change
it. As the content of the page usually renders earlier than the code that changes it, the user
first sees the original page for a split second before it is changed. This is perceived as a
flicker and therefore could influence the result of the experiment.

The second downside of using Javascript is that the code still needs to be loaded in,
therefore making the page load slower. Third, this approach might not work on some
browsers, as some features which this code needs might not be supported.

4.1.2 VWO

VWO [4] is another popular choice in the world of AB-testing, being used by Ubisoft and
others. It uses the same Javascript-injecting method of creating variants. It is interesting to
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note that none of the pitfalls we research are adressed in this tool.

4.1.3 Adobe Target

Adobe Target [8] is an Adobe Product focussed on online experimentation. Its documenta-
tion is extensive and clear about 4 of the pitfalls we are researching (Falsifiable hypothesis,
Direction of change in hypothesis, minimum effect size and minimum duration). This gives
the impression that the tool has been made with best practices in mind.

4.1.4 Google

From Google, we will look into 2 tools which enable experimenters to experiment: Firebase
and Google Optimize.

Firebase

Firebase is a tool to “help mobile and web app teams succeed” [1]. It offers a lot of tools
and services to help teams more easily and quickly create apps. One of the services they
offer is A/B Testing. Firebase is the only website to offer a demo, which enabled to get a
better understanding on how their features can solve our list of pitfalls.

Google Optimize

Google Optimize is part of Google’s marketing platform to help engage customers “like
never before” [2]. Although it is a separate product, many of the UX/UI elements seems
very similar to Firebase.

4.2 Solutions

Given our overview the problems developers face and of the existing solutions, we can start
proposing solutions to these problems. As some solutions solve multiple problems at once,
each solution starts with a list of pitfalls it solves. After this, we use the existing solutions
as inspiration to, finally, propose our solution to the pitfall.

Pitfall Name of solution

Falsifiable hypothesis (01b, 3.1) Enforce cross checks
Direction of change in hypothesis (02b,
3.2)

Enforce cross checks

Guardrail metrics (02c, 3.3) Add guardrail metrics
Technical debt (03a, 3.4) Add checklist
Competitor safety (03b, 3.5) Add checklist
Churning users (03c, 3.6) Add checklist
Minimum effect size (04a, 3.7) Enforce the correct experiment duration
Minimum duration (04b, 3.8) Enforce the correct experiment duration
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Pitfall Name of solution

Withholding results (04c, 3.9) Blur screen of the experiment
Simultaneous experiments (05a, 3.10) Add checklist
Failure checks (06a, 3.11) Add guardrail metrics
Number of changes (09a, 3.12) Enforce cross checks
Day of week effect (11b, 3.13) Enforce that experiments are run for full

weeks
Confirm winning variant (12b, 3.14) Add review step in experiment office
Encourage more experiments (13a, 3.15) Add review step in experiment office
Higher level question (14b, 3.16) Add review step in experiment office
Share learnings (15a, 3.17) Add review step in experiment office
Rerun experiment when results are
marginal (20a, 3.18)

Add button to rerun experiment

Validation of experiment (20b, 3.19) Add button to rerun experiment
Table 4.1: Table showing the pitfalls and which solution is created
to solve the pitfall. The first number behind the pitfall is the id of
the pitfall, the second the section in which the pitfall is explained

4.2.1 Enforce cross checks

Resolves:

• Falsifiable hypothesis (1b)
• Direction of change in hypothesis (2b)
• Number of changes (9a)

Making sure the setup of the experiment is correct takes two steps, creating the setup and
checking the validity of the setup. The Experiment Office has already taken great steps to
help with the first part; By providing a template Figure 4.1 it is much easier to create a good
hypothesis. However, hypotheses can still be made better and especially the direction of
change is easy to forget, as “the number changing” completes the sentence, but is not valid.
To solve this problem, it is proposed to have experimenters review eachothers hypothesis,
similarly as is being done at Booking.com [28]. This review process can filter out many
wrong or suboptimal hypotheses experimenters create.

Therefore we propose the following solution: We solve this problem by having other
people check the experimental setup. Before your experiment can start, it is looked over
by a group of experts, who could find mistakes in the experimental setup or tips on how to
improve the experiment. The experiment is not allowed to start before the ok is given.

4.2.2 Add guardrail metrics

Resolves:

• Guardrail metrics (2c)
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Figure 4.1: Screenshot of the second step of the experiment creation workflow
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• Failure checks (6a)

This solution is heavily based on the solution from Firebase (Google) in Figure 4.2, as it
offers a very nice way of giving an overview of different metrics at the same time. Similarly,
Airbnb [37] has a view (in Figure 4.3) to look at metrics which maybe less clear, but enables
the experimenter to dive deeper into the data.

The view from Firebase should be tried first, as it has a lot of similarities to a study
Meeuwsen et al. performed at ING [39]. Meeuwsen held a focus group with participants
at ING. This resulted in the following sketch, seen in Figure 4.4, made by experimenters at
ING on what a possible future version of the Experiment Office could look like.

This results in the following solution in the end:
To resolve this problem, we add the possibility for adding guardrail metrics and have the

experimenter choose which metrics they also want to measure besides the default metric.

4.2.3 Add checklist

Resolves:

• Technical debt (3a)
• Competitor safety (3b)
• Churning users (3c)

Solutions to the above problems could not be found in existing solutions. One possible
reason for this could be that these problems are not so much a constant problem, but do need
attention once in the entire workflow. Therefore it seeems that a simple checklist could be
sufficient to resolve these pitfalls.

Therefore we propose the following solution: To solve this, we show a quick list of
things that you should think about when running experiments, we remind you of things that
can go wrong while experimenting

4.2.4 Enforce the correct experiment duration

Resolves:

• Minimum effect size (4a)
• Calculate minimum duration (4b)

To solve this pitfall, data is needed, like the amount of visiters to a page and the size of
the change they want to measure. Many online sample size calculators already exist which
can help.

The solution from Optimizely is shown in Figure 4.5. It is able to determine the popula-
tion size needed. The solution from Adobe Target in Figure 4.6 also calculates the number
of days an experiment should be running. Therefore it seems this solution is best. Interest-
ingly, both solutions are standalone and not integrated, something that could be a feature
which the Experiment Office could integrate.
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Figure 4.2: Screenshot of the Google Firebase website. Screenshot taken
from https://console.firebase.google.com/u/0/project/fir-demo-project/c
onfig/experiment/results/3?hl=en
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4.2. Solutions

Figure 4.3: Screenshot of the metrics dashboard from Airbnb

Figure 4.4: Ideal dashboard, brainstormed by ING engineers during a focus-group per-
formed by Meeuwsen et al.
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Figure 4.5: Sample size calculator from Optimizely

The solution from Google, seen in Figure 4.7, is different, as they do not require an end
date and just wait for the experiment to gain significance. However this generally considered
a bad thing, as every experiment will become significant in the end, however the results will
be negligible. Furthermore, from the interviews in section 2.3 we learned that currently
only one experiment can be done on a page, so this solution is not chosen.

Therefore we propose the following solution: To aid people with setting the correct
duration of the experiment, we introduce a screen where users are able to fill in all the
information they have. How many people visit the page that is being experimented on, how
detailed the result must be, etc. This will then automatically determine how many users
need to participate in the experiment and therefore how long the experiment should last.

4.2.5 Blur screen of the experiment

Resolves:

• Witholding results (4c)
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Figure 4.6: Sample size calculator from Adobe Target

To make sure experimenters do not become biased towards a solution, we can blur the
results of the experiments. This solution is not found in any examples of other experi-
ment platforms, as this (obviously) also hides the result of the experiment. To give the
experimenter the ability to check if the experiment is running as expected, the blur can be
removed.

If this solution is not chosen, a less drastic solution, which partially could solve the
problem could be derived from Google’s Firebase implementation (see Figure 4.2). By
always displaying the chance that a variant performs better next to the improvement of the
variant, it increases nuance and reduces the chance of people becoming biased to a variant.
After all, saying that “a variant has a 100% better performance” gives a different feeling
than “a variant has a 100% better performance, but there is a 52% it actually performs this
well”.

To conclude we propose the following solution: To resolve this problem, we can blur
screen until the required number of user and significance has been reached. To aid users, we
unblur the screen after users click yes on a pop-up where they are explained why looking at
results would be a bad idea
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Figure 4.7: Screenshot of the Google Firebase website. Screenshot taken
from https://console.firebase.google.com/u/0/project/fir-demo-project/c
onfig/experiment/results/3?hl=en
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4.2.6 Enforce that experiments are run for full weeks

Resolves:

• Day of week effect (11b)

Both Optimizely [53] and Google Optimize [3] mention the “cyclical variations in web
traffic”[3]. However, both do not seem to either force experiments to be full weeks or nudge
experimenters to run their experiments for full weeks.

Therefore we propose our own solution: To resolve this problem, we present an ex-
perimenter with a warning when they want to stop an experiment on another weekday than
the weekday the experiment was started. We add the options to let the experiment continue
to the original end date, the next full week or stop it immediately.

4.2.7 Add review step in Experiment Office

Resolves:

• Confirm winning variant (12b)
• Encourage more experiments (13a)
• Higher level question (14b)
• Share learning (15a)

Optimizely has an extensive guide on how to convey the results of experiments to other
teams mention the following basic items that should be in a report when conveying experi-
ment results, copied directly from the webpage [41] :

• Purpose: Provide a brief description of “why” you’re running this test, including
your experiment hypothesis.

• Details: Include the number of variations, a brief description of the differences, the
dates when the test was run, the total visitor count, and the visitor count by variation.

• Results: Be concrete. Provide the percentage lift or loss, compared to the original,
conversion rates by variation, and the statistical significance or difference interval.

• Lessons Learned: This is your chance to share your interpretation of what the num-
bers mean, and key insights generated from the data. The most important part of
results sharing is telling a story that influences the decisions your company makes
and generating new questions for future testing.

• Revenue Impact: Whenever possible, quantify the value of a given percentage lift
with year-over-year projected revenue impact.

This gives us a good overview of areas that need effort to keep track of the learnings of
experiments (15a) and trigger experimenters to think of new experiments (13a).

To make sure the winning variant is working as expected, we can ask the experimenter
to check the page after they cleanup the code to create the experiment. Inspiration to im-
prove this conformation can be found with Optimizely on the page to preview variants in
Figure 4.8. When creating experiments in Optimizely, there is an option to preview the
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Figure 4.8: Preview of the experiment given by Optimizely

change inside the editor. Being able to preview a webpage in the tool can be very helpful
and save the experimenter some time.

To make sure people keep in mind the higher level goals, they can be displayed in the
list of metrics, like is proposed with guardrail metrics in subsection 4.2.2. This will help,
but by explicitly asking experimenters about it we force them to think about it each time an
experiment is wrapped up. It is most likely that when a the best variant to the experiment
moves the team towards the goal there is not much to say here (although this should be
further researched), but when a chosen version moves the team away from a goal, it might
be useful to evaluate on this. (Is this the better solution? Is perhaps the goal wrong?).

Therefore we propose the following solution: After the experiment has concluded, we
ask the experimenter to respond to a couple of questions related to the experiment they ran.
What was their conclusion? What did they learn about experiments in general? What will
be their followup experiments? How does this relate to their overall goal? Did they clean
up their experiment and check if it was working as expected?

4.2.8 Add button to rerun experiment

Resolves:

• Rerun experiment when results are marginal (20a)
• Validation of experiments (20b)

No existing solutions for these problems exist in our survey of the tools. Therefore we
propose our own solution: A button to rerun the experiment is added, which the experi-
menter can press if he/she would like to rerun their experiment to double check the results.
This button is made more prominent if the significance of the experiment was low or if the
experiment is sampled to check if the experiments are still running correctly
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Chapter 5

Research methods used

In previous chapters we have determined pitfalls are a problem to experimentation and that
19 out of the 35 known pitfalls are relevant to this research. Next we seek to answer three
questions. First, do experimenters indeed experience these pitfalls? Secondly, do they be-
lieve the new solution solves the problem? And lastly, are they hindered by the introduction
of the solution? To answer these questions, we need to contact the experimenters. By cre-
ating a survey and sending this out to experimenters using the platform, we can find this
information.

Surveys are chosen over interviews, as this results in a larger population to get more
information from. Based on the preliminary interviews, a sufficient overview exists of the
workflows at ING. If the results of the survey require follow-up, extra interviews/conversations
can always be planned with specific individuals.

To perform the survey we will use Survalyzer[45], an internal ING tool, which respon-
dents will be familiar with.

5.1 Survey contents

5.1.1 Introduction questions

As with any survey, a baseline is needed to understand the participant and get their permis-
sion to use the data from the survey for this master thesis.

We asked the participant for their email, in case the response raised questions we wanted
to followup on, and the time the participant has been experimenting, to be able to notice any
influence this has on the type of answers given.

5.1.2 Pitfall page

There exist 19 pitfalls we want to explore. For each of these pitfalls, a page exists within the
survey. Every page contains 2 sections, where each section tries to answer a part of research
question 2. Every question has been designed to not bias the participant and be clear to
increase the reliability of measures [50]. Furthermore, we tried to make sure each question
gives us as much information in as little time for the respondent. The last requirement
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is achieved by having only 2 textboxes, one to collect information about the solution we
propose and another as an optional catch all for any thoughts the participants might have,
for example that they think the pitfall actually is not a problem. Both are optional, so that
if the participant does not have enough time, they can skip it, as we would rather have that
they give their opinion on more pitfalls, than explain one in great detail.

The first section of the page devoted to a pitfall explores the experimenter’s view on the
pitfall and tries to answer the first part of RQ2, namely how the experimenter experiences
the pitfall. We want to know the prevalence of a pitfall, asking if they experienced it with
a Yes/No question. Similarly, we ask about the prevalance of the knowledge of the pitfall.
The perceived severity of the pitfall is gathered by using a Likert scale.

The second section details the proposed solution discussed in section 4.2 and tries to
answer the second part of RQ2, how the experimenter experiences the solution. By asking
participants if the solution solves the pitfall (Yes/No) and if it would help or hinder the
participant with experimentation (again with in a Likert scale), we get an indication of the
feasibility of the solution, which is then strengthened by the open text question of “Why?”.
This question is optional.

As discussed before, we wrap up with a catch all textbox, where we ask the participants
if they have any other thoughts about the pitfall. If they do not have anything to add, they
can skip this question.

Every page concerning pitfalls will look the same, except the description and solution
of the pitfall. The contents of these can be found in Appendix C, together with screenshots
of the survey.

5.1.3 Incorporating real-world examples

We would like to get as detailed responses as possible. If we can find out instances where an
experimenter has fallen into a pitfall or encountered one, we can ask them detailed questions
about this instance and their experience.

Only data for the day of week pitfall (3.13) can be extracted from the data of the ex-
periment platform. This is accomplished by simply looking at the start and end date of an
experiment and seeing if they are the same weekday. For the rest of the pitfalls, unfortu-
nately, no instances can be extracted. This has a simple reasons. To solve pitfalls solutions
need to be made, which do not exist yet. Only then will it become possible to gather which
experiments have fallen for the pitfall. Secondly, metrics are currently not integrated in the
platform, making tracking anything not already in the platform next to impossible.

Once collected, Survalyzer[45], the survey tool, has the ability to show participants
links to only the experiments they performed, to make maximum impact.

5.2 Participation

We aimed for participants to complete at least 5 pitfalls. Each pitfall-part consists of 7
questions with the two initial questions. This totals to 35 questions. This number is large
enough to gather information, but small enough that people are more likely to respond to
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the survey, as it won’t take forever. If, after this, participants want to give feedback on more
pitfalls, we give them the opportunity to do so.

The ordering of the questions is as follows. If we have evidence that a participant has
fallen for day-of-week pitfall, we start with that, with a personalized survey-section. Once
they have completed it, we randomize the remaining pitfalls, as there is no pitfall we deem
more important to get feedback on. This means that in the end, all pitfalls should have
around the same number of participants.

Creating a list of participants turned out to be more difficult than expected. In the
Experiment Office, the focus is put on the experiment and not the user who is executing the
experiment. Because of this, there is no way to find out which user is executing a specific
experiment (or any experiment). With help from the squad that maintains the Experiment
Office, a list of active experimenters, who used the Experiment Office in the last 3 months,
was extracted from log files. This list was further expanded with extra information. Each
experimenter needs to be a part of a team to run experiments (2.3). These teams can be
extracted. For each of these teams, if they created an experiment in the past 2 years, an
effort was made to find the corresponding squad in the organization. To be a good citizen
of ING, people in squads, for whom it was deemed very unlikely that they would have ever
performed an experiment were excluded from participation. All the others were asked to
participate in the survey. This resulted in 129 possible participants.
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Chapter 6

Results

The survey ran from the 10th of June until the 22nd of June. In total 52 people responded
(which is a response rate of 40.3%). Collectively, they gave feedback on 305 pitfalls. This
chapter discusses the result of this survey. First in section 6.1, the overview of the results
will be discussed, after which in section 6.3 (pitfalls) and section 6.4 (solutions) the results
will be more deeply discussed and as a result, research question 2, “How are pitfalls and
their solutions experienced?”.

6.1 Overview of results

The distribution of answers, which can be seen in Table 6.1 seems to be evenly distributed.
Due to the fact that the ‘Full-week effects’ pitfall was only shown to people who experi-
enced this, this pitfall only received 5 responses. This is a result of both the response rate
for the generic pitfalls being higher than expected and the response rate from the people,
who experienced this pitfall being lower than expected. The experience with online con-
trolled experimentation can be seen in Figure 6.1. On average participants had 3.67 years
of experience.

Before diving deeper into the results, a few generic comments can already be made. For
all the pitfalls, there are more people familiar with this pitfall than those who have actually
experienced it, indicating that experimenters are proactively thinking about things which
can go wrong when experimenting. There are six people, who said they experienced a
pitfall, without being aware it existed. In two cases, this could have been as the participants
did not think it was an actual problem. Others did not elaborate on this. For only the day of
week effect this ratio does not hold, as we showed only people this question, for whom we
were sure experienced this pitfall.

People on average think the new features are helpful, giving any feature an average of
3.52 (out of 5). This is because the entire population rates higher, with one outlier saying 9
solutions are ‘very helpful’ and only one being ‘neither hindering, nor helpful’.

The following sections will look further into the results. For each of the questions a
diagram was created showing the results to this question:

• Figure 6.2, which percentage has experienced a pitfall
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Id Name Answers Awareness Experience Solutions fixes problem
01b Falsifiable hypothesis 17 58.82% 17.65% 58.82%
02b Direction of change in hypothesis 17 58.82% 35.29% 64.71%
02c Guardrail metrics 16 68.75% 25.00% 75.00%
03a Technical debt 13 76.92% 76.92% 53.85%
03b Competitor safety 16 56.25% 18.75% 50.00%
03c Churning users 16 81.25% 43.75% 43.75%
04a Minimum effect size 17 64.71% 35.29% 94.12%
04b Calculate minimum duration 21 85.71% 52.38% 100.00%
04c Witholding results 16 50.00% 25.00% 56.25%
05a Simultaneous experiments 17 88.24% 41.18% 52.94%
06a Failure checks 21 57.14% 23.81% 76.19%
09a Number of changes 14 78.57% 57.14% 64.29%
11b Day of week effect 5 60.00% 100.00% 60.00%
12b Confirm winning variant 17 58.82% 17.65% 35.29%
13a Encourage more experiments 18 77.78% 38.89% 61.11%
14b Higher level question 14 57.14% 35.71% 50.00%
15a Share learning 16 81.25% 68.75% 62.50%
20a Rerun experiment when results are marginal 17 70.59% 47.06% 70.59%
20b Validation of experiments 17 76.47% 29.41% 76.47%

All 305.00 69.18% 38.69% 64.59%

Table 6.1: Table of all results

Figure 6.1: Participants years of experience
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Figure 6.2: Percentage of participants who experienced the pitfall

• Figure 6.3, which percentage is aware the pitfall exists
• Figure 6.4, a divergent stacked bar chart [12] of how severe the participant considers

this pitfall
• Figure 6.5, percentage of participants who believes the solution solves the pitfall
• Figure 6.6, if the participant thinks the problem helps or hinders their work

These diagrams will be used to support the rest of this section.

Following the sample size calculation, with a confidence level of 95% and a 5% margin
of error, 97 people should have responded. Therefore, the results of this survey should be
seen as a starting point for further exploration, but cannot be used for drawing conclusions
of statistical significance.

6.2 Differences among pitfalls and their solutions

The differences between the answers to pitfalls and solutions in the survey could be the
result of random chance. To determine if this was the case or if the pitfalls are truly ex-
perienced differently or if some solutions are truly better than others, we employ statistical
tests, which compare the answer from each pitfall/solution to all of the others.

The data collected with the survey is ordinal data [9]. This means that the our values
are categories with an order. Therefore simple averaging is not possible.
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Figure 6.3: Percentage of participants who is aware of the pitfall

Figure 6.4: Divergent stacked bar chart [12] of the perceived severity of the pitfall
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Figure 6.5: Percentage of participants who believes the solution solves the pitfall

Figure 6.6: Divergent stacked bar chart [12] of the perceived usefullness of the solution
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6.2.1 Cliffs delta

First, to determine if comparing two samples even makes any sense, the effect size is cal-
culated using Cliff’s delta [48]. Four different categories exist, Negligable (< 0.11), Small
(0.11 - 0.28), Medium (0.28 - 0.43) and Large (> 0.43). We will only look at results having
a large effect size (> 0.43).

6.2.2 Mann-Whitney U

The Mann-Whitney U test is a test developed by Mann, Henry B. and Whitney, Donald
R. to determine the probability that two samples are significantly different[32]. For the
calculation, the python library scipy was used [7].

We will be describing the pitfalls with a large effect size and where the significance of
the Mann-Whitney U test is smaller than 0.05.

6.2.3 Results

All of the data used in the calculations for this section can be found in Appendix D.
For the question if the experimenter is aware of the problem, section D.1 shows that

no comparison actually results in a large effect size. Therefore none of them have both a
significant outcome and large effect size.

For the experience question this is different. As we only asked experimenters the “Full-
week effect” if they experienced it, this is significant and has a large effect size compared
to other pitfalls (Table D.2). As we we only asked people who experienced it, we will not
count it as a result. “Technical debt” is the second most significant result with 7 out of 18
pitfalls.

For severity, from Table D.2 it can be clearly seen that “Competitor Safety” is signifi-
cantly not important to experimenters, as it shows a significant difference with 17 pitfalls.

For the question about solving the pitfalls, there is no real significant result. “Calculate
minimum duration” has the best result and is significant with 7 other pitfalls (Table D.2).

For the HelpHinder question, there is another significant result found in Table D.10.
Both “Minimum effect size” and “Calculate minimum duration” are significant with 13
other pitfalls. This is interesting for two reasons. First, this question revolves around the
same solution, which makes it likely that they love this solution and secondly that this is a
really great solution that will help experimenters.

6.3 Pitfall results highlights

This section will give some highlights on the awareness and perceived severity of the pit-
falls. This section will answer the first partion of research question 2, namely how experi-
menters experience pitfalls.

• From Figure 6.2, it can be determined that “Technical debt”, after “the Full weeks
effects”, is the most experienced pitfall. As many of participants are working with a
CMS system, this is surprising. The open text does not explain this. Possible answers
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could be that with a CMS technical debt still exists or that more coders than expected
filled in the survey.

• It is interesting that “Falsifiable hypothesis”, together with “Confirming winning vari-
ant”, is the lowest experienced pitfall (Figure 6.2). Do participants think every one of
their hypotheses has been falsifiable? Future work can investigate this further if this
is the case.

• In Figure 6.3, even for the least known pitfall, 50% of the participants are aware
of it. This indicates that knowledge about pitfalls is being shared or that they are
researching themselves what can go wrong when experimenting.

• The perceived severity of “Competitor safety” is incredibly low (see Figure 6.4). Par-
ticipants explain that either you should out-experiment your competitor, when run-
ning your experiment, or you are already production ready and that experiments can
be used as a smoke screen to hide what you’re actually working on.

• Unsurprisingly, customers leaving ING is the most perceived severe pitfall (see Fig-
ure 6.4)

6.4 Results per solution

This section explains what experimenters think of the proposed solutions and answers the
second part of research question 2, how experimenters experience the solutions to the pit-
falls.

6.4.1 Enforcing Cross checks

Solution: 4.2.1 - Pitfalls: Falsifiable hypothesis (3.1), Direction of change in hypothesis
(3.2), Number of changes (3.12)

The solution seems to be very badly received. Although it is not the lowest scoring in the
HelpHinder question (“Will this solution help or hinder you when running experiments?”),
it is the pitfall where the most people said that the solution would hinder them. Most of
the feedback in the “Why?” question focusses around the idea of having the experimenter
being in control. Secondly they mention that they don’t want anything delaying the running
of their experiments. One participant even says there are already too many hurdles to go
through. Another makes the point that experiments can be very unique to a business area
and that even an expert in experimentation at ING might not understand the nuances of a
particular experiment, which leads to delays in the running of an experiment.

6.4.2 Adding Guard rail metrics

Solution: 4.2.2 - Pitfalls: Guardrail metrics (3.3), Failure checks (3.11)
The solution seems to be well received. For both the Failure checks and Guardrail

metrics pitfall, 76.2% and 75.0% think this solves the problem and most believe it will
help. The textual answers are not very relevant in this case. In some cases it seems it was
not clearly explained enough and the respondent is misunderstanding the solution. Other
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answers agree that this is a good solution or commenting on who should choose which
metrics to use; the team, defaults or a combination.

6.4.3 Adding a checklist

Solution: 4.2.3 - Pitfalls: Technical debt (3.4), Competitor safety (3.5), Churning users
(3.6)

This particular solution is very interesting. The solution seems simple, however imple-
menting seems to have problems. For all of the pitfalls this solution tries to solve, only 50%
of the participants think it actually solves the problem. Furthermore, this solution tries to
solve the most perceived severe pitfall (Churning Users) and least perceived severe pitfall
(Competitor Safety) (Figure 6.4). All this results in the open-text answers to vary wildly.
Some participants think that a checklist could prevent often made mistakes. Others believe
that experimenters don’t read, disagree on the usefulness of a generic checklist or think that
they will remember anyways.

6.4.4 Enforcing the correct experiment duration

Solution: 4.2.4 - Pitfalls: Minimum effect size (3.7), Calculate minimum duration (3.8)
This solution was very well received. For the solution for the Minimum effect size

almost all respondents perceived the solution to (slightly) help. Both pitfalls combined,
only one participant (out of 38 who gave feedback) did not think this solution solved the
pitfall. In the open text fields, many proclaim happiness that they no longer would have to
use online calculators or spreadsheets to calculate effect size and experiment duration.

6.4.5 Blurring the screen of the experiment

Solution: 4.2.5 - Pitfalls: Witholding results (3.9)
The reactions to this solution are very mixed. Most do think that the solution solves

the problem (56.25%), but how much it helps is contested. One participants writes down
“Perfect solution”, while others disagree, saying that this solution is annoying and unpro-
fessional and that keeping an eye if the experiment is working correctly is necessary. One
participant even goes so far to say that looking at progress gamifies the process, making him
more enthusiastic to do more experiments.

6.4.6 Enforcing that experiments are run for full weeks

Solution: 4.2.6 - Pitfalls: Day of week effect (3.13)
This solution was not reviewed by as many participants as others, as discussed before.

The response to this feature cannot easily be summarized. One unfortunate thing is that
respondents do not seem to fully understand the problem and why the solution would/could
work. One participant mentioning that they run their experiment for one week already, even
though best practice is at least two weeks. Another mentioning something about changing
the distribution afterwards. Another not understanding how stopping an experiment after
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two weeks and one day could influence the results. This could and should be better ex-
plained to experimenters. One experimenter does point out that even if you counteract this
effect, there will still be others that influence the result of the experiments, like the time of
the month when salaries are tranferred.

6.4.7 Adding a review step in experiment office

Solution: 4.2.7 - Pitfalls: Not confirming the winning variant (3.14), Encourage more
experiments (3.15), Higher level question (3.16), Share learning (3.17)

The reviews for this solution are overall pretty positive, although people think this solu-
tion is not very applicable to confirm the winning variant, where only 35% think this solves
the problem, making this the worst solution in this area. The open text fields confirm this, as
people do not seem to like the extra administration. Again, it seems that some participants
did not fully recognize the problem.

6.4.8 Adding a button to rerun experiment

Solution: 4.2.8 - Pitfalls: Rerun experiment when results are marginal (3.18), Validation
of experiments (3.19)

The response is positive, where 73.5% thinks the solution solves the problem. After
“Enforce the correct experiment duration”, participants think this solution will help them
the most when performing experiments. Some respondents do want to nuance this to only
rerun experiments when there are reasons to doubt the results, for example when the power
is low. One respondent wants to use this to determine possible seasonality of changes.
e.g. determine that variant A works better in the summer and B in the winter.
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Chapter 7

Methodology for evaluating solutions
in a real world scenario

There now are multiple solutions which can be implemented into the platform. Next an-
swering research question 3, how one can evaluate a solution in a real-world scenario. Due
to time constraints, this part could not be fully executed. However, work has been done and
there are many lessons learned that are relevant, both for a future party wanting to build
on this work and for ING. This chapter will elaborate on these lessons. This chapter will
answer research question 3, how a solution can be evaluated in a real-world scenario.

7.1 Research methods used

In chapter 6, it was addressed which solutions experimenters prefer and which they would
want to have implemented. This chapter addresses the question how such solutions cna be
evaluated in practice. We aim to do this rigorously and in the spirit of continuous experi-
mentation. This can take the form of a before/after study or a controlled experiment, where
the difference is measured between the variants. This evaluation should be two pronged,
which is discussed in the following sections.

7.1.1 Example

During the thesis project, work on the solution for the “Day of the week effect” (3.13)
was already started. A screenshot of the solution can be found in Figure 7.1. When an
experimenter fills in a date that is not a full week after the first date, it will pop up a warning
to the user with more information and a button to fix it.

7.1.2 Making sure the solution works

When implementing one of the solutions, it is best practice to run an OCE to test if the
solution works well. One of the most important parts is conducting the correct experiments.

In the case of the “Day of week effect”, this would be how often an experimenter creates
an experiment that does not run for full weeks, before and after treatment, but also how the
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Figure 7.1: Implementation of the full week effect solution

experiment resolves the pitfall. Do they click the button? Do they manually change it?
Will they look for more information (click the link)? The full tracking plan can be seen
in Appendix B. For each of these pitfalls one of these plans should be made and carefully
executed.

Metrics were attempted to be implemented and lessons learned from this attempt are
documented in section 7.2.

7.1.3 Making sure the solution is helping the experimenters

To determine if the solution has no unintended side effects, there should be a way for users
to report these to improve the solution. Furthermore, if experimenters have improvements
for the solutions, they should be able to explain this to the Tetris team (2.2). In section 7.3,
lessons learned from using a survey to gather this type of data is explored and it is explained
why this type of survey should not be used in this context.

7.2 WebTrekk

To be able to collect metrics, a tool is needed which is able to collect store and analyze this
data. As ING is already using WebTrekk, it is the obvious choice to use. WebTrekk is an
online analytics platform, the name of which will be changed to Mapp in the future [33].
WebTrekk is one of the main ways ING tracks the behavior of users accessing any of the
online software ING offers.
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Figure 7.2: Workflow of tracking a user on the platform

7.2.1 Obstacles with implementing WebTrekk

Implementing WebTrekk resulted in two main obstacles. The combination of the web-
platform of ING and the infrastructure of ING resulted in the decision to reduce the scope
of the thesis.

This highlights a general pain point. To become a data-driven organization, having
tracking and metrics is a minimal requirement. To encourage the adoption measurement,
the barrier to entry should be as low as possible and waiting for three months is the opposite
of this. To encourage tracking, a team supporting and supervising this effort should be
created.

Web Platform of ING

ING is currently in the process of moving from AngularJs [20], an old framework to build
web applications, to Polymer [21], a framework no longer in development made by Google
to use web components on the web.

The library for working with WebTrekk has been created for Polymer and WebCompo-
nents, which Angular is not compatible with. The experiment platform, however, is written
in Angular. This made it particularly hard to integrate our work. There was an alpha version
available, which should integrate with any Javascript based framework. However, the error
messages were nondescriptive. This lead to finding the source of the error, the infrastructure
of ING, too late for the possibility of finishing this software before the end of the internship.

The infrastructure of ING

The flow of tracking a user can be seen in Figure 7.2. A customer performs an action
(clicking a button, loading a page), which has an event handler, which the WebTrekk library
hooks into. A WebTrekk wrapper has been incorporated into many of the Polymer elements
to make integration easier. As WebTrekk is third party software, the data needs to be sent
to their servers. However it cannot be sent by ING directly for two reasons.

The first reason is that WebTrekk is a service which is not hosted on ING servers or at
an ING url. Therefore calling this URL within a web page breaks Cross Origin Resource
Sharing (CORS) [5] rules. It is a very good security feature and should not be tampared
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with. However, this results in the tracking library not being able to send tracking data to the
WebTrekk servers.

Another reason not to send data directly to WebTrekk is to have a “circuit breaker” in
place when an application breaks and sends a lot of (wrong) information to the WebTrekk
servers. Instead of getting a large bill from WebTrekk, they can block the application and
wait for it to recover or be fixed.

The solution to overcome this is to use of a reverse proxy. In this case, this results in the
website sending data to the ING servers, which in turn sends it to the WebTrekk servers, as
ING servers do not have to abide by the CORS rules.

This means that for every application at ING a reverse proxy has to be set up. This
requires a change in the configuration of the network of ING, which for security purposes
needs to go through a certain workflow. Estimates for the length of this procedure turned
out to be around 3 months and this made it impossible to implement in the timeframe left.

7.3 The platform survey

To determine if there are any problems with the proposed solution, a feedback point needs
to be created. We could ask experimenters if they are satisfied with the new solutions,
however this could have unintended consequences. Asking if experimenters are satisfied
with the new solutions will always involve some prejudice. The experimenter might give
positive feedback to not disappoint the person asking for it or come up with feedback on the
spot, which is not the type of feedback we want. After all, if the experimenter does not care
(enough), we resolve the pitfalls without any change in user satisfaction. Furthermore, with
the survey we already have a good indication if the solution will be positively received. To
counter these possible problems in the feedback cycle, we created a generic survey, which
is described below. Because it is a generic survey, the Tetris team (2.2) can determine if
there are other aspects of the tool which can be improved and therefore it is more likely that
the team allows such a feature to be introduced in the platform.

7.3.1 The survey layout

The survey has two requirements. The first requirement is to determine if the overall sat-
isfaction has not gone down. This is satisfied by the first question on the survey, which
is a Likert scale asking how satisfied the developer is with the experiment platform. This
question gives us an opportunity to look at the satisfaction over time and therefore give us
a reasonable metric of satisfaction over time. The term reasonably here is used as opinions
change over time and by definition are subjective. However, if there are enough results,
we should be able to average these subjective data points out and get a somewhat objective
result.

The second requirement is to determine if the given satisfaction given by the exper-
imenter in the first question has anything to do with the solutions which have been im-
plemented. To do this we present the experimenter with a textbox where they can write
detailed feedback on what they like and don’t like about the platform. To try and get the
experimenter to talk about the solutions the following placeholder text is used: “Write as
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Figure 7.3: Mockup of the survey

much as possible” and “We love your input”. The intent is that this will increase the length
of the feedback. If the experimenter does not mention the new solutions, this will be either
because they deemed it not important enough to talk about, they are happy with it or they
do not care. If they do mention the new solutions, we should check if their feedback is valid
and actionable. If that is the case, we could improve the solution further. Otherwise we note
down this result. If the feedback is positive, we can also note this. Lastly, we ask the exper-
imenter if we can have their email address. This might be of value if we want to follow-up
with the experimenter to get a better understanding of why they do not like a solution or if
the feedback they gave is not clear. This is not a required field because of course this survey
is anonymous to make sure that we do not bias the results by having the experimenter think
there might be some negative consequences if they criticize the platform. A mockup of the
survey is shown in Figure 7.3 and the final survey is shown in Figure 7.4.

7.3.2 Placing the platform survey

There are three places in the workflow where this survey was placed. The first one is after
the experiment-creation workflow and can be seen in Figure 7.5. The creation workflow
is when the experimenter has created the experiment in the experiment platform. When
creating a new experiment, the experimenter must go through a few steps to set the name,
hypothesis and target group. At the end of this workflow we ask experimenters what they
think of the platform. This has another benefit, as many solutions are placed in the creation
workflow. Therefore, this is a great place to ask for feedback.

The second place a survey will be created is after the experiment has concluded, see
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Figure 7.4: Final survey

54



7.3. The platform survey

Figure 7.5: Button to the survey

Figure 7.6. At this point the experimenter has possibly checked the website during the
runtime of the experiment, looking at the intermediate result, but possibly forgot that exper-
iment was running. To remind the experimenter that the experiment has concluded, we, in
collaboration with the Tetris team, created a feature that will send an email to the developer
telling them that their experiment has concluded. This opportunity is then also used to ask
the experimenter to fill in a survey. Again, this is a great place to ask for feedback, as they
have gone through the entire flow of an experiment and therefore can tell exactly where the
pain points of the system are and what can be improved.

Lastly, there is a generic feedback button. On every page, as can be seen in Figure 7.5,
a user can press the “Give your feedback” button to give feedback on the platform.

Asking at these locations in the process does have some drawbacks. The survey after the
experiment-creation-workflow leaves out the demographic of people, which left the work-
flow halfway through. As we ask experimenters about their opinion after the workflow has
finished, this does not include the people who do not finish the workflow (obviously). Un-
fortunately, it is impossible and impractical to ask a person to fill in a survey when leaving
the website and therefore we cannot reach this demographic. The same holds for the survey
shown in the reminder email. We might have lost experimenters, who have stopped their
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Figure 7.6: Reminder email

experiments midway through.

7.3.3 Preliminary Results

As only few people responded to the survey, we will briefly discuss the results below.
On the 14th of February the first respondent filled in the survey. At the time of writ-

ing, July, only 9 experimenters have filled in the survey. 5 of these are just praising the
experiment platform, usually saying “great” and rate the system good (2) or great (3). 3
respondents fill in the survey asking for the feature of tracking more than one metric and
give a fair (2) or bad (1) rating. The last respondent wanted technical help and gave the
platform a bad rating.

7.3.4 Conclusion on the use of a survey

Although setting up this survey was promising, the results are preliminary and should not be
used to validate a possible implementation in the end, as they will not have enough results
to make definitive conclusions on the solution. These results do indicate that people want
more metrics, something that can and should weigh in when deciding the roadmap of the
platform.
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Chapter 8

Conclusion & Discussion

8.1 Conclusion

Online controlled experimentation is a powerful tool, but can be deceivingly easy, as ex-
perimenters can face many pitfalls while performing their experiment. It is vital for exper-
imenters and organisations to perform correct and valuable experiments. To aid them, this
thesis tries to answer the question: “How can we reduce human error in online controlled
experimentation?” To answer this question, exploratory interviews were held to determine
common problems experimenters face. By looking at common pitfalls developers face,
based on previous work, a list of possible solutions was created, taking existing solution
as starting points. A survey, answered by 52 experimenters at ING, was performed to val-
idate the result of the interviews and to evaluate the proposed solutions on the perceived
helpfullness to the experimenter.

8.1.1 RQ1 What are key pitfalls and their potential solutions?

By looking at existing literature, we established that a list of 19 pitfalls are relevant for this
thesis. By leveraging existing solutions, such as Optimizely [53], VWO [4], Adobe Target
[8] and Firebase [1] as inspiration, solutions can be created to solve these problems. This
thesis proposes 8 solutions to solve the 19 pitfalls, ranging from invasive changes, such as
adding a review step to the workflow, to simple solutions like a checklist.

8.1.2 RQ2 How are pitfalls and their solutions experienced?

Experimenters are well aware of problems that can occur while experimenting. During
interviews, we determined that experimenters are already using statistical methods to de-
termine the minimum runtime of experiments. The survey confirmed that for each pitfall
more than 50% of the experimenters is aware that this problem could present itself. Less
experimenters have actually experienced the pitfalls. Experimenters think each pitfall to be
roughly equally severe with the exception of “Competitor safety”, which they consider not
severe.
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There are mixed reactions to the proposed solutions. The solutions were viewed in two
different perspectives: whether it solves the problem and whether the solution helps the
experimenter. Experimenters are immensely enthusiastic about the solution “Enforcing the
correct experiment duration”, solving “Calculate the minimum duration” and “Calculate
effect size”. Respondents believed the solution solved these problems 100% and 94.1%
respectively and almost all respondents perceived the solution to (slightly) help the exper-
imenter in performing their experiments. The next best solution (in solving the problem)
drops by 20%, making other solutions still relevant to look at, but not as much. The same
holds for the perceived usefullness of the solution, where some (“Rerunning experiments”
and “Validation of experiments”) are highly rated, but not as much. There are not truly badly
received results. Worst received is the proposed solution solving “The number of changes”
pitfall, where more than half of the respondents thought the solution (slightly) hindered the
experimenter.

RQ3 How can one evaluate a solution in a real-world scenario?

From the exploratory work done in this thesis, we determined that evaluating a solution
in a real-world scenario runs into technical challenges. To evaluate a solution it must be
possible to track and log the interaction an experimenter has with the platform, and to re-
ceive feedback from experimenters. Both are not adequately implemented into the platform.
Tracking on the platform does not exist and implementing tracking runs into technical and
bureaucratic problems. Current feedback methods do exist and work, although there is not
enough feedback to be able to draw conclusions. Therefore, at this moment, there is no way
of evaluating a solution in a real-world scenario.

Summary

There are a lot of pitfalls experimenters face while performing online controlled experi-
ments. This thesis shows that experimenters are well informed about the existence of pit-
falls and believe that almost all should be resolved. There are many promising solutions
to these pitfalls which experimenters rate as helpful. However evaluating these solutions at
this point in the current context is not possible.

8.2 Implications

8.2.1 Implications for Industry

This work is an example for how an organization can start with implementing continuous
experimentation. The case study at ING shows what experiments are being performed and
can inspire readers for new avenues of experiments. The main work provides an overview of
which pitfalls experimenters deem important and which solutions will help experimenters.
This provides any company an indication which pitfalls are most important to resolve first
and which solutions could help them in resolving these pitfalls.
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8.2.2 Implications for ING

Based on the results of the survey, there now is a list of possible improvements which can
help experimenters with experimentation. It should then be no surprise that one of the
recommendations is to start implementing the solutions.

In chapter 7, a lot of shortcomings of the process are described and what hurdles still
remain in the data driven culture of ING. These should be resolved, so that any employee
can improve the interactions ING has with their customers.

Finally, during the time of the internship and research a view on how the experiment
office can be improved further was created, which is discussed in Appendix A.

8.2.3 Implications for Research

To the authors’ knowledge, this is the first body of knowledge surveying experimenters with
solutions for pitfalls, before implementation. This shows interesting insights into which
pitfalls are important. Besides points mentioned in 8.2.1, this thesis also tries to provide
a jumping off point for any new research being performed under the banner of the AI for
Fintech Research (AFR).

8.3 Threats to validity

8.3.1 Internal validity

Internal conditions can affect the independent variable with respect to causality, without
the researcher being aware [50]. In regard to this thesis this includes any influences on the
survey and interview, which we cannot know.

One possible threat is the threat of experimental mortality, i.e. the loss of participants
during the experiment. The survey was sent out to many people. People with limited ex-
perience with continuous experimentation might not be motivated to start or continue with
the survey if they believe they cannot give relevant answers and/or are not passionate about
experimentation. Experienced experimenters might be more motivated to fill in the survey,
resulting in biased results.

Exploration into this threat resulted Figure 8.1, which shows the distribution of answers
not to be clearly biased towards a particular experience group.

8.3.2 Construct validity

Construct validity concerns generalizing the result of the experiment to the concept or theory
behind an experiment [50].

For the survey, we presented the participants with solutions to pitfalls. However, in the
eyes of particpants, this might look like a possible feature list. The question if the solution
would help or hinder might be also be seen as asking how much they want this feature.
Answers to these question might then be biased. This bias might then also increase in areas
where the experimenter has more experience. This threat cannot be mitigated, but can be
taken and has into account when analyzing the results.
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Figure 8.1: Diagram showing the combined number of responses for pitfalls, set to the years
of experience

8.3.3 Conclusion validity

Conclusion validity threats can affect the ability to draw correct conclusion [50].
For this research, the biggest threat is low statistical power, as the number of people

running experiments at ING is high enough that performing interviews is an insane amount
of work, but performing a survey, even with the great response rate seen in this case, is not
a large enough sample size to significantly determine the results. However, anything short
of making the survey mandatory will not change this.

8.3.4 External validity

External valididity threats are conditions that limit the ability to generalize the results of the
experiment industrial practice [50].

As the interviews and survey were performed at a single company, this introduces the
possibility that this work is not generalizable over the industry, as views on pitfalls might
differ, based on what the needs of the organization are. Furter research is needed to validate
these results at other companies.
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8.4 Future work

In the overall picture of continuous experimentation research at ING and the AI4Fintech
research group, this research can serve as a foundation to a lot of other work.

8.4.1 Evaluate solutions in a real-world scenario

In chapter 7, it was concluded that there were significant hurdles to evaluating the features.
These hurdles can be overcome with time. A future researcher can perform this work or
wait until a time engineers at ING have performed this research.

8.4.2 Reproduce this research in different industries

This work has shown a first indication of the perceived severity and value of solutions to
practitioners. To be truly able to say that experimenters value these solutions, this survey
should be repeated at different companies, favourably in different (non FinTech) industries.

8.5 Ethics of online controlled experimentation

Online controlled experiments can bring enormous advantages to companies [53, 17, 30].
It is therefore no surprise that many [46, 15, 38, 36, 24, 16] use them. However, there are
some serious ethics questions related to using experiments to try and sway user actions.

OCEs reveal an interesting fact about us, humans. Where one would love to pretend that
we act with only logic, example after example in the world of online controlled experimen-
tation shows us that this idea that we have come to believe is wrong. Colours can influence
our click behaviour [52] and the change of an image increases the amount of mortgages
bought [40].

In 2012, Facebook published a study showing that if a Facebook user was shown more
positive posts, their own posts also showed more positive words. The same held for nega-
tive words. Another study showed that Facebook could increase voter turnout by displaying
badges on users pages [51]. These results show both that there is enormous positive poten-
tial in the use of experimentation to increase happyness, but also gives us an insight into the
enormous power these companies hold.

Furthermore, it is reasonable to assume that few of the participants of the experiments
were aware they were being targeted (until 2012, it was not event mentioned in the terms of
service of Facebook that your data could be used for research purposes [11, 51]).

In an academic experimental setting this raises serious questions [54]. While performing
research, I could find no company performing experiments on their users actually disclosing
this to them. In fact, I was surprised at the breadth of the companies performing OCEs and
the scale at which these experiments were performed. It is hard to opt-out of something you
do not know is happening. The new cookie law by the European Union seems to have had
a positive influence in this case, as it is best practice to use cookies to track users [16] and
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decide variants based on a user cookie. Therefore, by not accepting cookies, you also do
not give consent being experimented on.

Another large problem in the area of online controlled experimentation seems that there
does not seem to be an ethical code of conduct regarding experimentation [11]. There should
guidelines to determine areas where OCEs are not ethical or even harmful to the customer
of the product. For example, forbidding to perform experiments to increase the amount of
children buying V-bucks with their parent’s credit card, to tempt broke gamblers to to just
play another round of poker or to increase sales of mortgages if this has long term negative
effects for the customer.

As with any tool, they can be used for good and bad. As such, OCEs are no exception
and therefore time and effort should be put in to make sure they are used correctly and
ethical.
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[47] Edith Tom, Aybüke Aurum, and Richard Vidgen. An exploration of technical debt.
Journal of Systems and Software, 86(6):1498 – 1516, 2013. ISSN 0164-1212. doi:
https://doi.org/10.1016/j.jss.2012.12.052. URL http://www.sciencedirect.com/
science/article/pii/S0164121213000022.

[48] András Vargha and Harold D. Delaney. A critique and improvement of the cl com-
mon language effect size statistics of mcgraw and wong. Journal of Educational and
Behavioral Statistics, 25(2):101–132, 2000. doi: 10.3102/10769986025002101. URL
https://doi.org/10.3102/10769986025002101.

[49] Wikipedia. Covid-19 disease - wikipedia. URL https://en.wikipedia.org/wik
i/Coronavirus_disease_2019.

[50] Claes Wohlin. Experimentation in software engineering. Springer, Berlin New York,
2012. ISBN 978-3-642-29044-2.

[51] www.nytimes.com. A bright side to facebook’s experiments on its users, 2020. URL
https://www.nytimes.com/2014/07/03/technology/personaltech/the-bri
ght-side-of-facebooks-social-experiments-on-users.html. (Accessed on
14-Jun-20 12:09:38).

[52] www.nytimes.com. 2009 03 01 business 01marissa.html from www.nytimes.com,
2020. URL https://www.nytimes.com/2009/03/01/business/01marissa.htm
l?pagewanted=print. (Accessed on Fri Sep 27 2019).

[53] www.optimizely.com. customers from www.optimizely.com, 2020. URL https://
www.optimizely.com/customers/. (Accessed on Fri Feb 28 2020).

[54] Sezin Yaman, Fabian Fagerholm, Myriam Munezero, Hanna Maenpaa, and Tomi
Mannisto. Notifying and involving users in experimentation: Ethical perceptions
of software practitioners. In 2017 ACM/IEEE International Symposium on Em-
pirical Software Engineering and Measurement (ESEM). IEEE, nov 2017. doi:
10.1109/esem.2017.31. URL https://doi.org/10.1109%2Fesem.2017.31.

67

https://www.wnycstudios.org/podcasts/radiolab/articles/trust-engineers
https://www.wnycstudios.org/podcasts/radiolab/articles/trust-engineers
https://www.survalyzer.com/
https://doi.org/10.1145%2F1835804.1835810
http://www.sciencedirect.com/science/article/pii/S0164121213000022
http://www.sciencedirect.com/science/article/pii/S0164121213000022
https://doi.org/10.3102/10769986025002101
https://en.wikipedia.org/wiki/Coronavirus_disease_2019
https://en.wikipedia.org/wiki/Coronavirus_disease_2019
https://www.nytimes.com/2014/07/03/technology/personaltech/the-bright-side-of-facebooks-social-experiments-on-users.html
https://www.nytimes.com/2014/07/03/technology/personaltech/the-bright-side-of-facebooks-social-experiments-on-users.html
https://www.nytimes.com/2009/03/01/business/01marissa.html?pagewanted=print
https://www.nytimes.com/2009/03/01/business/01marissa.html?pagewanted=print
https://www.optimizely.com/customers/
https://www.optimizely.com/customers/
https://doi.org/10.1109%2Fesem.2017.31




Appendix A

Future version of the experiment
office

During the months working and thinking about improving the platform, insights was gained
into what a future version of the platform could look like. The following is a personal
opinion on what this future version could look like and has not been validated.

In Figure A.1, one can find this new version. The overall design is based on an accordion
view, inspired by the Firebase UI [1]. When a user opens the page for an experiment, the
page opens the step of the process the experimenter is at. If the experimenter wants to look
at another step (for example Experiment Setup instead of the Results), they can click on that
section and it will expand, to show all the information the experimenter has filled in, while
the current section is hidden. This design tries to minimize the use of dialogs, such that any
new experimenter can look at a random experimenter, see all the settings used, and be able
to rerun it without much trouble.

This version also has better integration with WebTrekk, showing a dashboard, inspired
by what Meeuwsen et al. found[39] (see Figure 4.4) and how the dashboard of Airbnb looks
Figure A.2. This will be either a dashboard created in-house or the WebTrekk dashboard.

It is very important to have one single place to keep track of experiments. From lit-
erature, we have determined that it can be very useful to have a searchable repository of
experiments [28]. This approach should be two fold. First, ING should be making an effort
to consolidate experimentation to a single platform. Secondly, the platform should integrate
with as many products as possible. By importing data, possibly read-only, the platform
becomes the go to place if a person wants to know something about a (type of) experiment.

This could lead to the following workflow. John wants to see what effect changing
the color of a button on the homepage has on the click-through-rate. John goes to the
experiment office to look for anyone who has done experiments with buttons and colors in
the last year and finds that his colleague, Hank, has done so on a different platform than
John, but it shows up, because it is integrated. After a quick conversation, John learns that
the color green usually works best. John creates his new experiment on the platform and
creates the variants. Using the platform he determines how long the experiment should run
for (6.4.4) and starts the experiment.
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A. FUTURE VERSION OF THE EXPERIMENT OFFICE

Figure A.1: Mockup of a possible version 2 of the experiment office70



Figure A.2: Screenshot of the metrics dashboard from Airbnb
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B. TRACKING PLAN

Tracking plan

 

Because there does not exist a prefix for the experiment office, we introduce a new one: expo.  

Id Screenshot Action Type Tag 

Home 

 

User logs into the experiment platform  Page expo:home 

They click the `New Experiment` button Event expo:home.createButton -> Create 

Create 

 

The new experiment page opens Page expo:create 

They fill in the experiment type and 
click next 

FormEvent FormID: ExperimentCreator 
FormStep: 1 
FormStatus: ‘View’ 
 
-> Create.2 

Create.2 They fill in the hypothesis and click next FormEvent FormID: ExperimentCreator 
Formstep: 2 
 
 -> Create.3  

 

They click previous FormEvent FormID: ExperimentCreator 
FormStep: 1 
FormStatus: ‘View’ 
 
-> Create 
 

Create.3 They fill in the target group and click 
next  

FormEvent FormID: ExperimentCreator, 
Formstep: 3, 
Formstatus: ‘conf’ 
 -> Finish  
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They click on previous FormEvent FormID: ExperimentCreator 
Formstep: 2 
 -> Create.2 
 

Finish They click on fill in the survey Event expo:create.inlineFeedbackButton 

 

They click on Finish Event expo:create.FinishButton 

  

An experimenter opens the experiment office to leave feedback using the button at the top 

Id  Description Type Tag 

Home 

 

User logs into the 
experiment platform  

Page expo:home 

They click on the 
feedback button 

Event expo:home.genericFeedbackButton 
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Appendix C

Survey Information

This appendix gives an extensive overview of the survey. In Figure C.1, a screenshot is
shown of the first page of the survey. In Figure C.2, one of the survey pages is shown,
where questions are asked about a specific pitfall. For each of the pitfalls, everything is
the same, except for two items. First, in the text of the first question, an explanation of the
pitfall is. Then, secondly, halfway around the page, the explanation for the solution is put.
The exact descriptions for each of these pages can be found in this appendix.

C.1 Pitfall descriptions

C.1.1 Falsifiable hypothesis (01b)

Explanation

A falsifiable hypothesis means that a hypothesis can be proven wrong. If a hypothesis
cannot be proven wrong, the experiment has less value, as the result is already known. “The
views on this page will increase” is a falsifiable hypothesis “The people will be happier with
a green button” is not, because there is no way of measuring happiness with metrics from a
web pag and therefore impossible to (dis)prove.

Solution

We solve this problem by having other people check the experimental setup. Before your
experiment can start, it is looked over by a group of experts, who could find mistakes in
the experimental setup or tips on how to improve the experiment. The experiment is not
allowed to start before the ok is given.

C.1.2 Direction of change in hypothesis (02b)

Explanation

When creating a hypothesis for an experiment, usually it contains a description of what
will happen to the metric that is measured. For example “When removing the sign up, we
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Figure C.1: The first page of the survey
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C.1. Pitfall descriptions

Figure C.2: An page of the survey asking about withholding results
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C. SURVEY INFORMATION

expect signups to go down”. In this case the metric measured is the number of signups and
the direction is that this number will decrease. Writing this down forces the experimenter
to explicitly hypothesize what will happen. Also statistically, the maths between calculat-
ing significance and calculating the possibility of a significant change in one direction is
different than calculating the possibility of a significant change in one of two directions.

Solution

We solve this problem by having other people check the experimental setup. Before your
experiment can start, it is looked over by a group of experts, who could find mistakes in
the experimental setup or tips on how to improve the experiment. The experiment is not
allowed to start before the ok is given.

C.1.3 Guardrail metrics (02c)

Explanation

Guardrail metrics enable the experimenter to keep track of extra metrics to make sure the
experiments do not harm the overall goal of the business. An example of this is keeping
track of the number of sales when running an experiment in which changes the color of a
single button. If guardrail metrics are not in place, this could lead to unwanted results, even
though the experiment is a success. To continue the example, the color might lead to more
people clicking the button, but the sales going down.

Solution

To resolve this problem, we add the possibility for adding guardrail metrics and have the
experimenter choose which metrics they also want to measure besides the default metric.

C.1.4 Technical debt (03a)

Explanation

Technical debt is the implied cost of additional rework in the future by choosing an easy
(limited) solution now instead of taking a better approach that would take longer.

Solution

To solve this, we show a quick list of things that you should think about when running
experiments, we remind you of things that can go wrong while experimenting

C.1.5 Competitor safety (03b)

Explanation

Running AB tests in production might give a competitor an indication of a new product
(line) being developed and give competitors more time to catch up or beat time to market.
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Solution

To solve this, we show a quick list of things that you should think about when running
experiments, we remind you of things that can go wrong while experimenting

C.1.6 Churning users (03c)

Explanation

If, for example, an AB test gives customers a bad onboarding experience, they might not
choose to join after all, making ING lose a customer.

Solution

To solve this, we show a quick list of things that you should think about when running
experiments, we remind you of things that can go wrong while experimenting

C.1.7 Minimum effect size (04a)

Explanation

The minimum effect size enables you to, with statistics, determine how many users you need
to test with to measure a 5%, 10% or 100% change. After all, it is easier to see if a new
version is 100% better than 1%, as the cause of a 1% change is more likely randomness if
you have a small number of participants. The minimum effect size is part of the calculation
of how long the experiment should run. If this is not calculated, the experiment could run
longer than necessary or too short to get actual results.

Solution

To aid people with setting the correct duration of the experiment, we introduce a screen
where users are able to fill in all the information they have. How many people visit the
page that is being experimented on, how detailed the result must be, etc. This will then
automatically determine how many users need to participate in the experiment and therefore
how long the experiment should last.

C.1.8 Minimum duration (04b)

Explanation

The minimum duration is how long an experiment should at least run to gain significance. If
this is not calculated, the experiment could run longer than neccesary or too short too short
to get actual results.

Solution

To aid people with setting the correct duration of the experiment, we introduce a screen
where users are able to fill in all the information they have. How many people visit the
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page that is being experimented on, how detailed the result must be, etc. This will then
automatically determine how many users need to participate in the experiment and therefore
how long the experiment should last.

C.1.9 Withholding results (04c)

Explanation

If intermediate results are visible for experimenters, it might lead to them becoming biased
towards a solution. If version A starts out as better this might lead to “rooting” for this
version to win.

Solution

To resolve this problem, we can blur screen until the required number of user and signifi-
cance has been reached. To aid users, we unblur the screen after users click yes on a pop-up
where they are explained why looking at results would be a bad idea

C.1.10 Simultaneous experiments (05a)

Explanation

If users are being exposed to multiple AB-tests at once, this could lead to invalid results.
The most extreme example is when one test tests a different color for a button, while another
test removes the button.

Solution

To solve this, we show a quick list of things that you should think about when running
experiments, we remind you of things that can go wrong while experimenting

C.1.11 Failure checks (06a)

Explanation

Sometimes an implementation of a new feature will make the application crash. Failure
checks then make sure to shut the experiment down when this happens.

Solution

To resolve this problem, we add the possibility for adding guardrail metrics and have the
experimenter choose which metrics they also want to measure besides the default metric.
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C.1.12 Number of changes (09a)

Explanation

Usually an experiment consists of a version A and B. However sometimes an experimenter
might want to measure multiple things at the same time. For example by giving every button
on a page a specific color. Test 1: Button A is green, Button B is yellow Test 2: Button A is
red, Button B is also red

However, these tests are usually more difficult and should be double checked if there
is the possibility to see if the experiment can be done in the A/B fashion, as this takes less
time and effort.

Solution

We solve this problem by having other people check the experimental setup. Before your
experiment can start, it is looked over by a group of experts, who could find mistakes in
the experimental setup or tips on how to improve the experiment. The experiment is not
allowed to start before the ok is given.

C.1.13 Day of week effect (11b)

Explanation

Every day a different segment of the users log on to the website. For example, during the
week, people who work might not have time to look at a new mortage, while during the
weekend they do. Starting and ending the experiment on a different weekday might change
the distribution of the visitors of the page so much it is no longer representing the actual
distribution of the users visiting the website.

Solution

To resolve this problem, we present an experimenter with a warning when they want to stop
an experiment on another weekday than the weekday the experiment was started. We add
the options to let the experiment continue to the original end date, the next full week or stop
it immediately.

C.1.14 Confirm winning variant (12b)

Explanation

After an experiment has concluded, the winning version is usually put in production and the
experiment cleaned up. When an experimenter doesn’t make sure the winning version of
the experiment works as expected, this could introduce unintentional bugs or changes.

Solution

After the experiment has concluded, we ask the experimenter to respond to a couple of
questions related to the experiment they ran. What was their conclusion? What did they

83



C. SURVEY INFORMATION

learn about experiments in general? What will be their followup experiments? How does
this relate to their overall goal? Did they clean up their experiment and check if it was
working as expected?

C.1.15 Encourage more experiments (13a)

Explanation

An experiment has the goal to see if a hypothesis is true. However, while examining/discussing
the results interesting insights or ideas for new experiments can be discovered. By not pro-
viding the space for an experimenter, the business might miss a great new idea.

Solution

After the experiment has concluded, we ask the experimenter to respond to a couple of
questions related to the experiment they ran. What was their conclusion? What did they
learn about experiments in general? What will be their followup experiments? How does
this relate to their overall goal? Did they clean up their experiment and check if it was
working as expected?

C.1.16 Higher level question (14b)

Explanation

Experiments are not run in a vacuum. Most of the time they try to answer a higher business
level question. If no infrastructure in place to think about these questions, it might be the
case that the product ends up in a local optimum. It is therefore good to be able to group
these experiments, so that this relation is clear to other users.

Solution

After the experiment has concluded, we ask the experimenter to respond to a couple of
questions related to the experiment they ran. What was their conclusion? What did they
learn about experiments in general? What will be their followup experiments? How does
this relate to their overall goal? Did they clean up their experiment and check if it was
working as expected?

C.1.17 Share learnings (15a)

Explanation

Sharing experiences when experimenting can be very valuable to other experimenters. Think
of helping experimenters answer the following questions: What are common problems?
How can experimenters test better? If these are not shared, many can make the same mis-
takes, costing valuable time and effort from the experimenters.
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Solution

After the experiment has concluded, we ask the experimenter to respond to a couple of
questions related to the experiment they ran. What was their conclusion? What did they
learn about experiments in general? What will be their followup experiments? How does
this relate to their overall goal? Did they clean up their experiment and check if it was
working as expected?

C.1.18 Rerun experiment when results are marginal (20a)

Explanation

If the difference (significance/results) between two versions is low, rerunning the experi-
ment could shed more light on which version performs better.

Solution

A button to rerun the experiment is added, which the experimenter can press if he/she would
like to rerun their experiment to double check the results. This button is made more promi-
nent if the significance of the experiment was low or if the experiment is sampled to check
if the experiments are still running correctly

C.1.19 Validation of experiment (20b)

Explanation

Reproducibility is one the most important factors of science. If rerunning an experiment re-
sults in a different outcome, the setup was incorrect or there are other influences which were
not accounted for. Therefore experiments which ran on the platform should be reproducible.

Solution

A button to rerun the experiment is added, which the experimenter can press if he/she would
like to rerun their experiment to double check the results. This button is made more promi-
nent if the significance of the experiment was low or if the experiment is sampled to check
if the experiments are still running correctly
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Appendix D

Statistic tables

The following tables are an n-n comparison of the pitfalls.

D.1 Effect Size

For this work, for each combination of pitfalls the effect size was calculated [48]. See the
shorter version in section 6.2. The values in bold have a large effect size (> 0.43).
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D.1. Effect Size
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D. STATISTIC TABLES

D.2 Mann–Whitney U test

For this work, a Mann–Whitney U test was performed. See the shorter version in section 6.2.
Each bold value is a significant result (< 0.05) with a large effect size.
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D.2. Mann–Whitney U test
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