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ABSTRACT 
Controlled experiments, also called randomized experiments and 
A/B tests, have had a profound influence on multiple fields, 

including medicine, agriculture, manufacturing, and advertising. 
While the theoretical aspects of offline controlled experiments 
have been well studied and documented, the practical aspects of 
running them in online settings, such as web sites and services, 
are still being developed. Online experiments are most useful in 
conjunction with agile development methodologies, where the 
necessary ingredients exist for rapid feedback and improvement 
cycles. As the usage of controlled experiments grows in these 

online settings, it is becoming more important to understand the 
opportunities and pitfalls one might face when using them in 
practice. Multiple lessons learned from running controlled 
experiments online were documented in the Practical Guide to 
Controlled Experiments on the Web (Kohavi, et al., 2007). In this 
follow-on paper, we focus on ñadvancedò pitfalls we have seen, 
which include a wide range of topics from incorrectly computing 
confidence intervals when reporting percent effects (as opposed to 

absolute effects) to surprising observations about the impact of the 
choice of metrics on statistical power, to the influence of robots 
and ways to remove them (a problem unique to online settings). 
Online experiments allow for techniques like gradual ramp-up of 
treatments to avoid the possibility of exposing many customers to 
a bad (e.g., buggy) Treatment. With that ability, we discovered 
that itôs easy to incorrectly identify the winning Treatment 
because of Simpsonôs paradox. We also share some results from 

an actual experiment on the MSN portal, where the value of 
additional ads was evaluated using controlled experiments, and 
how a monetary Overall Evaluation Criterion (OEC) was 
developed.  

Categories and Subject Descriptors 
G.3 Probability and Statistics/Experimental Design: controlled 

experiments, randomized experiments, A/B testing. 

I.2.6 Learning: automation, causality. 

General Terms 
Management, Measurement, Design, Experimentation, Human Factors. 

Keywords 
Controlled experiments, A/B testing, e-commerce, Simpsonôs 
paradox, robot detection, agile development. 

1. INTRODUCTION  
Almost any questions can be answered, cheaply, quickly 

and finally, by a test campaign. And that's the way to 

answer them ï not by arguments around a table. Go to 
the court of last resort ï the buyers of your product 
ï  Claude Hopkins, Scientific Advertising (1923) 

Sir Ronald A. Fisher led the development of statistical 
experimental design while working at the Rothamsted 
Agricultural Experimental Station near London, England in the 
1920s. His work had ñprofound influence on the use of statistics, 
particularly in the agricultural and related life sciencesò 
(Montgomery, 2005). Over 70 years later, the esoteric field has 
grown mainstream: Forbes published an article on MultiVariable 
Testing titled ñThe New Mantra: MVTò (Koselka, 1996). The 

article begins with the following two sentences: ñIf you haven't 
yet applied multivariable testing to your business, get moving. 
Whether you run a factory, a mail-order house or a hospital, it will 
probably improve your performance.ò  Montgomery (2005) wrote 
that ñApplications of designed experiments have grown far 
beyond the agricultural origins. There is not a single area of 
science and engineering that has not successfully employed 
statistical designed experiments.ò   

Toyotaôs famous production system with the principle of ongoing 
hypothesis testing of improvements often requires reconfiguration 
of the work area. The fascinating story in Learning to Lead at 

Toyota (Spears, 2004) describes how recommendations resulted in 
reconfiguration of the work area: ñ75 recommendationsérequired 
relocating material stores and moving the light curtains, along 
with their attendant wiring and computer coding. These changes 
were made with the help of technical specialistsé.ò  With 
software, testing new hypotheses is much easier, as code can be 
modified and restored much more easily than physical artifacts. 
As noted in Kohavi, et al. (2007), the web provides an 

unprecedented opportunity to evaluate ideas quickly using 
controlled experiments.  

Controlled experiments typically generate large amounts of data, 

which can be analyzed using statistical and data mining 
techniques to gain deeper understanding of the factors influencing 
the outcome of interest, leading to new hypotheses and creating a 
virtuous cycle of improvements. Multiple lessons learned from 
deploying controlled experiments online and analyzing them were 
documented in the Practical Guide to Controlled Experiments on 
the Web (Kohavi, et al., 2007) and its longer version (Kohavi, et 
al., 2008). In this follow-on paper, we focus on ñadvancedò 

pitfalls. Our contributions describe pitfalls that we have 
experienced firsthand from actual deployments of controlled 
experiment by our group and others, and are organized as follows. 
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1. Following a brief overview and definitions in Section 2, we 
share a motivating example of a controlled experiment in 
Section 3. The experiment ran on the MSN portal in late 2007 
and tested the addition of ads to the page. We discuss how we 
developed a monetary-based Overall Evaluation Criterion 

(OEC) to trade off immediate ad revenue against a reduction in 
user engagement (clicks and page views). The example and the 
OEC are important because many sites face this dilemma.  
The simple OEC we used was enough to show that the specific 
proposal to show more ads was detrimental. 

2. In Section 4, we review the ingredients for successful 
experiments and show that there is a continuum of applications 
whose suitability for experimentation ranges from low to 

excellent. We show that agile development methodologies in 
conjunction with software as a service (e.g., websites) and 
software plus services (connected clients) provide an ideal 
environment for heavy use of experimentation. 

3. Section 5 highlights that computation of confidence intervals 
when reporting percent effects is not accurate if simply 
transformed from absolute confidence intervals as most 
software packages compute it. An old derivation by Fieller 

(1940) provides exact confidence intervals. We then discuss the 
computations of criteria that involve multiple combed metrics. 

4. Section 6 evaluates the statistical properties of different 
metrics, and the surprising difference in statistical power 
arising from small changes to metric definitions. Understanding 
these differences and adopting slightly different metrics for the 
OEC when appropriate can dramatically shorten the running 
time of experiments.  

5. Section 7 warns about occurrences of Simpsonôs paradox. 
When running experiments online, we have a unique ability to 
ramp-up the percentage of users assigned to treatment(s), a 
recommendation we made in the past (Kohavi, et al., 2007). 
However, because the ramp-up exposes a different proportion 
of users to the treatment, computing metrics over the whole 
period is incorrect, but a common mistake. Specifically, the 
Treatment could be superior both in the period before the ramp-
up and the period after the ramp-up, yet be inferior over the 

combined period.  
6. Section 8 reviews the importance of robot detection and 

proposes a novel way to evaluate whether robots that impact 
experimental results exist.  

We conclude the paper with a short summary. 

2. CONTROLLED EXPERIMENTS  
In the simplest controlled experiment, often referred to as an A/B 

test, users are randomly exposed to one of two variants: Control 
(A), or Treatment (B) as shown in Figure 1. This section mirrors 
the terminology and basic hypothesis testing overview as provided 
in Practical Guide to Controlled Experiments on the Web 
(Kohavi, et al., 2007), where additional motivating examples and 
multiple references to the literature are provided. 

2.1 Terminology 
The terminology for controlled experiments varies widely in the 
literature. Below we define key terms used in this paper and note 
alternative terms that are commonly used.  

Overall Evaluation Criterion  (OEC) (Roy, 2001). A quantitative 
measure of the experimentôs objective. In statistics this is often 
called the Response or Dependent Variable (Mason, et al., 1989; 
Box, et al., 2005); other synonyms include Outcome, Evaluation 

metric, Performance metric, or Fitness Function. Experiments 

may have multiple objectives and a scorecard approach might be 
taken, although selecting a single metric, possibly as a weighted 
combination of such objectives is highly desired and 
recommended (Roy, 2001 p. 50). A single metric forces tradeoffs 
to be made once for multiple experiments and aligns the 

organization behind a clear objective. A good OEC should not be 
short-term focused (e.g., clicks); to the contrary, it should include 
factors that predict long-term goals, such as predicted lifetime 
value and repeat visits.  

 
Figure 1: High-level flow for an A/B test  

Factor. A controllable experimental variable that is thought to 
influence the OEC. Factors are assigned Values, sometimes called 
Levels or Versions. Factors are sometimes called Variables. In 
simple A/B tests, there is a single factor with two values: A and B. 

Variant . A user experience being tested by assigning levels to the 
factors; it is either the Control or one of the Treatments. 
Sometimes referred to as Treatment, although we prefer to 
specifically differentiate between the Control, which is a special 
variant that designates the existing version being compared 

against and the new Treatments being tried. In case of a bug, for 
example, the experiment is aborted and all users should see the 
Control variant. 

Experimental Unit. The entity over which metrics are calculated 
before averaging over the entire experiment for each variant. 
Sometimes called an item. The units are assumed to be 
independent. On the web, the user is a common experimental unit. 
It is important that the user receive a consistent experience 
throughout the experiment, and this is commonly achieved 
through randomization based on user IDs stored in cookies. 
Throughout this paper, we will assume that randomization is by 
user. 

Null Hypothesis. The hypothesis, often referred to as H0, that the 
OECs for the variants are not different and that any observed 
differences during the experiment are due to random fluctuations. 

Confidence level. The probability of failing to reject (i.e., 
retaining) the null hypothesis when it is true.  

Power. The probability of correctly rejecting the null hypothesis, 
H0, when it is false. Power measures our ability to detect a 
difference when it indeed exists.  

A/A Test. Sometimes called a Null Test. Instead of an A/B test, 
you exercise the experimentation system, assigning users to one of 

two groups, but expose them to exactly the same experience. An 
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A/A test can be used to (i) collect data and assess its variability 
for power calculations, and (ii) test the experimentation system 
(the Null hypothesis should be rejected about 5% of the time 
when a 95% confidence level is used). 

Standard Deviation (Std-Dev). A measure of variability, 
typically denoted by „.  

Standard Error (Std-Err) . For a statistic, it is the standard 
deviation of the sampling distribution of the sample statistic 
(Mason, et al., 1989). For a mean of ὲ independent observations, 

it is „/Ѝὲ where „ is the estimated standard deviation. 

2.2 Hypothesis Testing and Sample Size 
To evaluate whether the Overall Evaluation Criterion differs for 
user groups exposed to Treatment and Control variants, a 
statistical test can be done. If the test rejects the null hypothesis, 
which is that the OECs are not different, then we accept a 
Treatment as being statistically significantly different. 

We will not review the details of the statistical tests, as they are 
described very well in many statistical books (Mason, et al., 1989; 
Box, et al., 2005; Keppel, et al., 1992). 

What is important is to review the factors that impact the test: 

1. Confidence level. Commonly set to 95%, this level implies that 
5% of the time we will incorrectly conclude that there is a 
difference when there is none (Type I error). All else being 
equal, increasing this level reduces our power (below). 

2. Power. Commonly desired to be around 80-95%, although not 
directly controlled. If the Null Hypothesis is false, i.e., there is a 
difference in the OECs, the power is the probability of 

determining that the difference is statistically significant. (A 
Type II error is one where we retain the Null Hypothesis when 
it is false.) 

3. Standard Error . The smaller the Std-Err, the more powerful 
the test.  

4. Effect. The difference in OECs for the variants, i.e. the mean of 
the Treatment minus the mean of the Control. Larger 
differences are easier to detect, so great ideas will unlikely be 

missed. Conversely, Type II errors are more likely when the 
effects are small. 

 
Two formulas are useful to share in this context. The first is the t-
test, used in A/B tests (single factor hypothesis tests): 
 

 ὸ=
ὕὄ  ὕὃ 

„Ὠ
 (1)  

 

Where ὕὃ and ὕὄ are the estimated OEC values (e.g., averages), 
„Ὠ is the estimated standard deviation of the difference between 

the two OECs, and t is the test result. Based on the confidence 
level, a threshold t is established (e.g., 1.96 for large samples and 
95% confidence) and if the absolute value of t is larger than the 
threshold, then we reject the Null Hypothesis, claiming the 
Treatmentôs OEC is therefore statistically significantly different 
than the Controlôs OEC. We assume throughout that the sample 
sizes are large enough that it is safe to assume the means have a 
Normal distribution by the Central Limit Theorem (Box, et al., 

2005 p. 29; Boos, et al., 2000) even though the population 
distributions may be quite skewed. 
 

A second formula is a calculation for the minimum sample size, 
assuming the desired confidence level is 95% and the desired 
power is 80% (van Belle, 2002 p. 31) 
 

 ὲ=  
16 „2

ɝ2
 (2)  

 
Where ὲ is the number of users in each variant and the variants 

are assumed to be of equal size, „2 is the variance of the OEC, 

and ɝ is the sensitivity, or the amount of change you want to 

detect. The coefficient of 16 in the formula provides 80% power, 
i.e., it has an 80% probability of rejecting the null hypothesis that 
there is no difference between the Treatment and Control if the 
true mean is different than the true Control byD. Even a rough 

estimate of standard deviation in Equation 2 can be helpful in 
planning an experiment. Replace the 16 by 21 in the formula 
above to increase the power to 90%. A more conservative formula 
for sample size (for 90% power) has been suggested by Wheeler 
(1974) that accounts for multiple comparison issues when 
conducting an analysis of variance with multiple variants per 
factor (Wheeler, 1975; van Belle, 2002).  

3. SHOULD THE MSN PORTAL SHOW 

ANOTHER AD?  
The MSN portal (http://www.msn.com) is one of the most visited 
sites on the internet. The portal is composed of rectangular 
modules with a Shopping module appearing on the right side of 
the page above the fold (the upper part of the page that most users 
see without scrolling). A proposal was made in late 2007 to 
include three new ads directly below it, as shown in Figure 2, 
which would show up below the fold for most users. The 
estimated value of the ads was tens of thousands of dollars per 

day, yielding millions of dollars per year of additional revenue. 
The impact on the user experience was unclear. The question is 
whether the MSN portal should display these additional ads? 

 

Figure 2: MSN portal proposal to display more ads. 

  Left: Control, Right: Treatment  

Agreeing on an OEC for an experiment is not easy. Are there 

long-term effects of seeing more ads?   If the users exposed to the 
ads click less, how do we weigh that in? 

Pitfall 1:  Avoiding experiments because the Overall 
Evaluation Criterion (OEC) is hard to compute 

http://www.msn.com/

