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Abstract. Evaluation has always been the cornerstone of scientiﬁc
development. Scientists come up with hypotheses (models) to explain
physical phenomena, and validate these models by comparing their output to observations in nature. A scientiﬁc ﬁeld consists then merely by
a collection of hypotheses that could not been disproved (yet) when
compared to nature. Evaluation plays the exact key role in the ﬁeld of
information retrieval. Researchers and practitioners develop models to
explain the relation between an information need expressed by a person
and information contained in available resources, and test these models
by comparing their outcomes to collections of observations.
This article is a short survey on methods, measures, and designs used
in the ﬁeld of Information Retrieval to evaluate the quality of search
algorithms (aka the implementation of a model) against collections of
observations. The phrase “search quality” has more than one interpretations, however here I will only discuss one of these interpretations, the
eﬀectiveness of a search algorithm to ﬁnd the information requested by a
user. There are two types of collections of observations used for the purpose of evaluation: (a) relevance annotations, and (b) observable user
behaviour. I will call the evaluation framework based on the former a
collection-based evaluation, while the one based on the latter an in-situ
evaluation.
This survey is far from complete; it only presents my personal
viewpoint on the recent developments in the ﬁeld.

1

Introduction

The growth of the Web and the consequent need to organise and search a
vast amount of information has demonstrated the importance of Information
Retrieval (IR), while the success of web search engines has proven that IR can
provide eminently valuable tools to manage large amounts of data. Evaluation
has played a critical role in the success of IR. There is an arsenal of methods in
hand that researcher and practitioners use to evaluate an experimental search
system and compare it to the production system; in this paper we focus on the
two predominant paradigms: collection-based evaluation and in-situ evaluation.
Collection-based evaluation is performed oﬄine, in a laboratory setting. A test
collection, comprising benchmark documents, queries, and human judgment
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labels of the relevance of each document to each query, together with an evaluation measure that summarises the relevance of a ranked list of documents returned
as a response to a query, are used to assess the eﬀectiveness of a retrieval system [71,127].
On the other hand, in-situ evaluation is run online, by deploying an experimental system and running users queries both against the experimental and the
production system. A/B testing and interleaving provide between-subject and
within-subject experimental designs [41,98,139].

2

Setting the Stage

In a typical retrieval scenario a user, while performing a task, ﬁnds herself in
an anomalous state of knowledge [19]. Having access to an information retrieval
system the user searches for information useful to complete her task. Consider
the example in Fig. 1. The user is planning her holidays to Madrid, Spain and
she is interested in ﬁnding the current exhibitions at Prado museum. She poses
the query Prado to a search engine, the search engine accesses a collection of
searchable items - in this case an index of web documents - and returns a ranked

Fig. 1. A user searching and ﬁnding information about current exhibitions at Prado
museum.
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list of documents to the user, through a search engine interface. The user then
clicks on the ﬁrst organic result (that is the ﬁrst result after the advertisement),
which corresponds to the oﬃcial website of Prado Museum, navigates within
the site and ﬁnds the information on current exhibitions. Hence, from the user’s
perspective, this ﬁrst result was relevant to what she was looking for, and further
useful towards the completion of her task, the visit to Madrid.
The goal of information retrieval evaluation is to quantify the user’s satisfaction given the output of a retrieval system1 . In an alternative formulation,
given two or more search algorithms and their output to users requests, the goal
of information retrieval evaluation is to quantify the relative diﬀerence in users’
satisfaction from the output of the search algorithms.
Evaluation sits at the core of the scientiﬁc method for devising new laws,
that is models of how the world functions. In hard sciences one is looking for a
new law by ﬁrst guessing it - making a hypothesis - then computing the consequences of this hypothesis, and last comparing the results of this computation to
observation in nature. If the observations disagree with the experimental results
then the hypothesis is wrong. If not, there is not enough evidence to reject the
hypothesis, and this hypothesis becomes a new law, until future observations
allows its rejection.
Information retrieval is no diﬀerent to hard sciences in this respect. The
goal of an information retrieval system is to match information seekers with the
information they seek. Hence, research focuses on ﬁnding new laws, models that
describe the relation between the information in a corpus and the information
need of a user as expressed by her query. Computing the consequences of such
a law corresponds to the algorithmic implementation of a retrieval model, and
comparing to the observations in nature corresponds to running an information
retrieval evaluation experiment. There is a variety of approaches to test whether
the consequences of a hypothesis agree with observation, which typically take
one of the following three forms: user studies, collection-based evaluation, and
in-situ evaluation.
The three approaches have their pros and cons. We brieﬂy discuss these along
the following dimensions:
•
•
•
•
•

fidelity of the method;
generalizability of drawn conclusions;
cost of the evaluation;
reusability of the collected signals;
reproducibility of the results.

In user studies human subjects directly interact with the search engines under
evaluation in a laboratory setting and provide direct feedback. Given that no
assumptions are made to interpret the user feedback, user studies allow the highest possible ﬁdelity of the evaluation results. However, given that the number
of human subjects (users) are typically small in these studies a careful experimental design is necessary to allow the generalisability of the conclusions drawn.
1

Retrieval systems and search engines are used interchangeably in this paper.
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For the evaluation of any new search algorithms a new user study is required,
making user studies expensive. Furthermore, the results of a user study are hard
to reproduce. In collection-based evaluation the user is abstracted out by the
use of a test collection. Collection-based evaluation ﬁrst makes a compositionality assumption: the overall users’ satisfaction with the search engine’s results
can be decomposed to user satisfaction with the individual documents returned.
The compositionality assumption is encoded by an evaluation measure. Further,
given that user satisfaction is hard to measure it is replaced by topical relevance,
i.e. how relevant a document is to a user’s query. Collection-based evaluation provides the least ﬁdelity since strong assumptions are made between relevance and
user satisfaction. However, test collections can easily be reused in future experiments and the results of these experiments are reproducible. Furthermore, the
generalisability of the conclusions drawn can be tested by statistical methods.
Collecting relevance judgments is expensive; however methods like crowdsourcing [4,5,89,103], and statistical sampling [9,12,143,144] have been developed to
reduce the cost. Further, the cost can be amortised across experiments given
that the constructed collection can be used multiple times. In-situ evaluation
sits in between the previous two approaches. It requires a search algorithm to
be deployed online and used by real users. This already provides higher ﬁdelity
compared to the collection-based evaluation since queries come directly from
the users of a search engine. Even though user satisfaction does not need to be
replaced by relevance, typically users do not provide direct feedback. Thus, there
is an assumption made that user satisfaction can be inferred by online observable user behaviour. Evaluation measures then are applied over observable user
behaviour to infer user satisfaction. Experiments are not easily reproducible, and
the test collection generated (query logs) are not easily reusable.
This work will focus on collection-based and in-situ evaluation, discussing
recent work and open problems.
2.1

Collection-based Evaluation

Test collections in information retrieval are similar to test collections used in
other ﬁelds of computer science, such as machine learning or computer vision.
Figure 2 demonstrates diﬀerences and similarities. In Machine Learning a test
collection consists of a set of <feature vector, label> vectors. Features are given
to a machine learning algorithm which is evaluated with respect to how accurately it can predict the labels. Somewhat diﬀerently, in computer vision, it
is the raw images, i.e. the recognisable items that are provided instead of features, together with labels. A computer vision algorithm then extracts features
from these images and use these features towards predicting the label of each
image. Information retrieval test collections bear stronger similarities to computer vision collections than to machine learning ones in the sense that it is
<query, document, label> vectors that are provided as a test collection, instead
of <feature vector, label> vectors. A search algorithm then extracts features
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Fig. 2. A static test collection.

from query-document pairs and tries to predict the label of that pair. In information retrieval, the task is actually easier than trying to predict the exact label
of the pair. Given that the output of a search engine is a ranked list of documents, it is only the relative order of <query, document> vectors for a given
query that really matters.
The question that arises is how can we build such a test collection? Ideally,
one would like to label all documents in the collection against all queries, however this is rather expensive; hence we can only label a sample of them. In most
machine learning tasks one draws a uniform random sample from the universe
of all items, and annotates this sample with labels. This is not a good option
for information retrieval due to the skewness of the data. That is, for a given
query, only a tiny percentage of documents are relevant, and hence will have
a positive label, while most of the documents are irrelevant. Figure 3 demonstrates how test collections are typically constructed. Instead of sampling the
universe of all documents in the collection multiple search algorithms are used
to retrieve documents for a given query. The ranking of documents on the basis
of all these algorithms is then considered in the selection process of labelling
documents. TREC2 has established a depth-k pooling method, in which, a pool
of documents that appear in the top-k of any ranking is only considered and
labeled. The remaining of the documents in the collection are considered irrelevant under the assumption that if none of the search algorithms pooled retrieves
these documents at the top-k ranks then it is very unlikely that these documents
are relevant. There is a large volume of research looking whether this assumption
holds, and whether it aﬀects the conclusions of an experiment.

2
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Fig. 3. Static test collection construction methodology.

After documents are selected they are handed to human assessors who provide a relevance judgment for each document in the pool against the test query.
To evaluate a search engine then one replaces the ranked list of documents
retrieved by the corresponding ranked list of relevance judgments and an evaluation measure aggregates the relevance judgments of the list towards a single
value that expresses the quality of the search engine. Clearly, a measure values
should align as much as possible to user satisfaction.
Almost all research questions concerning collection-based evaluation can be
expressed with a reference to Fig. 3. Here are some questions that IR researchers
have been investigating.
1. How should we choose benchmark queries and document to test search algorithms on, and how many of them is necessary and suﬃcient for reliable and
generalisable conclusions? (See [20,21,66,77–79,110,121,151].)
2. How should we choose documents to judge and how many of them is necessary
and suﬃcient for reliable and generalisable conclusions? (See [3,9,12,24,29]
and [31,34–36,143,144].)
3. Who are the judges and how many relevance labels shall we collection per
query-document pair? (See [2,4,5,14,22,37,78,89–91,103,129,130,145,146,
148].)
4. Do judges agree with each other and what is the impact of their disagreement
on retrieval evaluation? Do they agree with the actual users of a search engine?
(See [39,54,92,109,111,141].)
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5.
6.
7.
8.

Shall we provide a description of the query intent to judges [125,145]?
Is relevance binary, and if not then what [108,140]?
What is a good evaluation measure to aggregate relevance judgments?
How do we determine what a good measure is? How do we evaluate evaluation
measures?
9. How can we compare two or more search engines on the basis of these evaluation measures (comparative evaluation)?
The last three questions will be further explored later in this article.
2.2

In-situ Evaluation

In-situ evaluation requires a search algorithm to be deployed online. Users can
then interact with the live system and provide feedback regarding the quality of
the search results.
Given that search engine users are typically reluctant to provide explicit
feedback the evaluation infrastructure logs users interacting with the live system
under the assumption that the quality of a search engine can be inferred by these
interactions. Implicit in this assumption is that users behave rationally: they have
a goal when they use the search engine and consistently work towards that goal.
Therefore, they are not submitting random queries or click random results and
they do not provide malicious data to the system.
Logged interactions (observable user behaviour) include clicks on search
results, dwell time spent on the SERP or at the landing pages (clicked results),
mouse movements, browser actions (bookmarks, saves, prints), and query reformulations. Given this implicit feedback the goal of an in-situ evaluation methods
is to infer the quality of the search engine under use. Figure 4 shows a sample of
logged interactions in the AOL query log.
The biggest challenge in in-situ evaluation is the interpretation of the observable user behaviour towards quantifying the quality of a search algorithm. This
requires a careful experimental design. Decision regarding the design are made
along two dimensions:
• Document level vs. SERP level interpretation;
• Absolute vs. relative interpretation
In former case the design decision relates to the level at which user observable
behaviour needs to be interpreted: do we want to infer the quality of documents
constituting a SERP or the overall quality of the SERP? In the latter case the
design decision relates to inferring the absolute quality of a document/SERP
or the relative quality between two or more documents/SERPs. Based on these
two dimensions a number of evaluation methods that interpret user observable
behaviour have been devised. Examples of those can be seen in Table 1.
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Fig. 4. A sample from the AOL query log.

Table 1. Classiﬁcation of in-situ evaluation measures/methods.
Evaluation method Absolute

Relative

Item level

Click-through rate, ... Click-skip, ...

SERP level

Abandonment rate, ... A/B testing, interleaving, ...

There two predominant experimental designs used for inferring search quality
by observable user behaviour are:
• A/B testing. An percentage of query traﬃc uses system A (baseline or control system) while the remaining of query traﬃc use system B (experimental
or treatment system). This is a between-subject experiment since diﬀerent
queries are handled by diﬀerent systems.
• Interleaving. A combination of search engine results from system A and
system B are shown to the user. This is a within-subject experiment since
the same query is handled by both systems.
An example of an A/B testing experiment can be seen in Fig. 5. Two diﬀerent
versions of the same search engine are deployed. Some query traﬃc is handled by
the baseline system, while the remaining traﬃc is handled by the experimental
system. Users to don’t explicitly provide feedback about the quality of the search
results they receive. Instead, as discussed earlier, implicit feedback is used to infer
the quality diﬀerence between the two systems.
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Fig. 5. A/B Testing.

In-situ evaluation provides high ﬁdelity: real users replace the judges; there
is no ambiguity in their information need; users actually want results; and performance is measured on real queries.

3

Collection-based Evaluation

In this section we will focus on two signiﬁcant issues regarding collection-based
evaluation: (a) how to collect relevance judgments to include in the benchmark
test collection, and (b) how to aggregate these judments to evaluate the quality
of a search engine.
3.1

Obtaining Relevance Judgments

Obtaining relevance judgments is expensive; it requires human annotators to
manually assess the quality of documents in the collection against user queries.
The overall cost is equal to the cost per annotation × the number of annotations
necessary to evaluate the quality of a search engine.
Crowdsourcing3 has been used to reduce the cost per annotation by hiring
laypeople to judge documents. These annotations are often noisy or erroneous
and most of the research in this area has focused on distilling the signal in the
annotations from the noise [4,5,89,103].
3

See the TREC Crowdsourcing track: https://sites.google.com/site/treccrowd/.
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On the other hand, one may try to reduce the annotations in the benchmark
collection to reduce the cost. The question that arises is how many judgments
are necessary for the reliable evaluation of tested search engines. There is a rich
literature in identifying this number, as well as how to eﬀectively choose the
documents to be annotated. Two signiﬁcant factors aﬀect the answers to the
aforementioned questions:
• [Recall] There are information seeking tasks (e.g. patent search, legal search,
systematic reviews, etc.) for which the entire set of relevant documents in the
collection need to be retrieved; the evaluation of search engines on these task
requires that all relevant documents identiﬁed are identiﬁed and annotated.
• [Reusability] The constructed benchmark collection is typically not only
used to measure the quality of the search engines under evaluation, but it is
used to test future systems; this requires again that all relevant documents in
the collection are identiﬁed and annotated so that if a future system brings
up a new relevant document that has not been encountered before by any
system that was used to assemble the test collection the evaluation measure
awards this system.
Therefore, ideally one would like to annotate all documents in the corpus against user queries. Given that this is practically impossible two diﬀerent approaches have appeared in the literature to select only a subset of documents to be annotated and still enable recall-based evaluation and reusability
of the benchmark collection: (a) deterministic approaches, and (b) stochastic
approaches.
The former deterministically choose documents to be annotated that fulﬁl
certain criteria, e.g. the have a high probability of being relevant, or they are
the most discriminative in comparing two search algorithms. The latter uses
sampling methods to select a number of documents to be annotated, and then
infer the quality of the search algorithms (or the relevance of the rest of the
unjudged documents) using this sample.
Deterministic Approaches: Some of the deterministic approaches for selecting documents to be annotated are the following:
• Depth-k pooling: The top-k results from the search engines currently under
evaluation are pooled together and annotated by human annotators. Documents that do not appear in the top-k of any system under evaluation, and
hence not annotated, are considered irrelevant.
• Automatic evaluation: Evaluation is performed without annotations; no
relevance judgments are obtained. Instead the “majority vote” regarding the
relevance of a document to a query obtained by the diﬀerent search engines
in this experiment is considered as a signal of relevance and it is used in
the evaluation [61,73,113,137,142]. Automatic evaluation methods have been
shown to suﬀer from the “tyranny of the masses” [10] with the best systems
typically retrieving good but rare documents, which are not retrieved by the
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majority of the systems, and hence considered irrelevant, leading to an underestimation of the quality of these systems.
• Meta search: The participating in the experiment search engines are collectively used to identify the most relevant documents and those documents are
prioritised towards being annotated. Some of the algorithms in this category
are:
– Move-to-Front pooling [48]
– Interactive searching and judging [48]
– Hedge [8]
• Minimum Test Collection (MTC): Documents are selected based on how
well they can discriminate systems participating in the experiment based on
their quality [24,29,31,34–36]. If for instance two systems retrieve the same
documents at the top-3 positions of the returned ranked list, these documents
are the least discriminative, since they cannot tell apart the two systems.
• Nugget-based evaluation: The annotation of relevance is done on the passage level rather than the document level. Relevant passages are then used
to identify close matches of passages in unjudged documents and propagate
relevance [114].
Stochastic Approaches: A diﬀerent approach in selecting documents to judgment is inspired by statistical sampling and inference methods. Stochastic methods do not intent to identify all relevant documents, or documents that can tell
apart two systems, but instead they are designed to estimate the quality of a
search algorithms using a small number of randomly selected documents [9,143];
see Fig. 6. The methods developed work as follows; ﬁrst the measure of interest
is deﬁned as the outcome of a random experiment; then it is estimated using
random sampling. As an illustrative example let’s consider
the precision in the
10
i=1 I(di ∈R)
. Precision
top-10 retrieved documents by a search engine, P @10 =
10
at cut-oﬀ 10 can be deﬁned as the expected outcome of a two step experiment:

(a) Uniform random sampling

(b) Stratiﬁed random sampling

Fig. 6. Sampling methods for selecting documents to be judged as an alternative to
depth-k pooling.
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(1) Select a rank at random from the set {1,...,10}, and (2) Output the binary
relevance of document at this rank. Another example is average precision,

AP =

r∈R

r

i=1

|R|

I(di ∈R)
i

Average precision can also be deﬁned as the expected outcome of a three step
experiment: (1) Select a relevant document at random; let the rank of that
document be k, (2) Select a rank at random from the set {1,...,k}, and (3)
Output the binary relevance of document at this rank. On the basis of the
afore-described deﬁnitions one can randomly sample from the pool of documents
constructed by all search systems in the experiment and calculate these measures.
Other measures can be estimated in the same fashion. The estimated values of
the measures are by construction unbiased, however they vary across diﬀerent
samples. The variance can be mathematically derived [144]. To reduce variance,
given that most evaluation measures give more weight to documents towards the
top of the ranked list, “top-heavy” sampling strategies based on importance and
stratiﬁed sampling have been deployed [144]. Finally, using the estimated value of
evaluation measures Aslam et al. [11,12] uses constraint optimisation to estimate
the relevance of the unjudged documents. Constraints come from the fact that
diﬀerent search engines may be able to retrieve the same unjudged documents at
diﬀerent ranks. The relevance of these documents are estimated so that it agrees
across the diﬀerent search engine ranked lists, and the measure calculated with
the estimated relevance of these documents agrees with the estimated measure
using the initial sample and the provided annotations.
3.2

Evaluation Measures

Evaluation measures aggregate the relevance judgments over a ranked list of
returned documents to determine the quality of a search engine. Traditional
evaluation measures, such as precision, recall, and average precision, essentially
extend set-based measures to ranking measures and capture how good is a system in identifying relevant documents. However, a good measure of retrieval
eﬀectiveness should also correlate with the users experience when using a search
engine. To align evaluation measures with user experience researchers developed
models of user behaviour (interactions of users with the returned search results)
and deﬁned evaluation measures based on these models.
Model-based Evaluation Measures: A model-based evaluation measure
essentially depends on three separate models [25]:
• a browsing model that describes how a user interacts with results;
• a model of document utility, describing how a user derives utility from individual relevant documents;
• a utility accumulation model that describes how a user accumulates utility in
the course of browsing.
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(a) RBP

(c) EBU
(b) ERR

Fig. 7. User models

Most of the research has focused on the browsing and document utility
model. Regarding the former, the position-based model assumes that the chance
of observing a document only depends on the position of the document in the
ranked list [112]; while the cascade-based model also considers the interactions
of the user with documents higher in the ranked list than the document under
consideration [42,50,147]. Figure 7 show the user model for three popular modelbased evaluation measures: Rank-Biased Precision (RBP) [112], (b) Expected
Reciprocal Rank (ERR) [42], and (c) Expected Browsing Utility (EBU) [147].
Chuklin et al. [43,45] considered models developed to predict on which documents a user may click while browsing a search engine result page (SERP), and
and demonstrated how one can develop an arsenal of evaluation measures based
on these click models.
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Regarding the document utility model, Smucker and others [62,136] considered time as part of the eﬀort a user makes into ﬁnding relevant information; hence the utility of documents low in the ranked list or long documents is
penalised.
Novelty and Diversity-based Evaluation Measures: Queries are inherently ambiguous or faceted. An automatic system can never know the users
intent. Diversiﬁcation attempts to retrieve results that may be relevant to a space
of possible. The evaluation measures mentioned so far however to do not consider
the possible multiple intents behind a query. Instead they assume that there is
a single universal intent behind any user query. Annotations are made based
on this unique intent. Accounting for multiple possible query intents requires
(a) identifying these intents prior to constructing the benchmark collection,
(b) annotating documents against each one of the identiﬁed intents, and
(c) developing measures that account for the relevance of a document to the
diﬀerent intents.

Fig. 8. Query intents for the query Prado

Intent-Aware measures. [1] assume there is a probability distribution P (i|Q) over
intents for a query Q; as an example see Fig. 8. This is the probability that a
randomly-sampled user has the intent i when submitting query Q. Then the
intent-aware version of a measure is its weighted average over this distribution.
Intent-aware measures award systems that return documents which can collectively cover multiple intents. However, returning 10 documents relevant to a
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single intent yields the same system performance as returning 10 documents relevant to 10 diﬀerent intents. This is due to the fact that intent-aware measures do
not penalise redundant information, that is documents that are relevant to the
exact same query intent. α-nDCG is a generalisation of nDCG that accounts for
both novelty and diversity [40,47]. The parameter α is a geometric penalisation
for redundancy. The measure redeﬁnes the utility of a document as follows:
• +1 for each intent it is relevant to
• (1−) for each document higher in the ranking that intent already appeared
in
One of the key questions in constructing a novelty and diversity benchmark
collection is how to identify the possible query intents. Radlinski et al. [49,120]
devised an algorithm based on query reformulations and the click graph to infer
query intents. The algorithm has three phases: The Expand phase ﬁnds the
k = 10 most frequent valid reformulations of q, then the k most frequent valid
reformulations of those. q  is a valid reformulation of q if (1) q  was followed by
q within ten minutes by at least 2 distinct users, and (2) of all pairs of queries
(qi , q  ) issued by any user within 10 min, (q, q  ) occurred at least a fraction δ of
the time (with δ set 0.001); the Filter phase reduces the query neighbourhood to
more closely related queries, improving precision. We connect two queries if they
were often clicked for the same documents, using a two step random walk on the
bipartite query-document click graph. All pairs of queries with a random walk
similarity above a ﬁxed threshold are connected (this may add links not present
in the reformulation graph, and usually removes many others). Additionally, all
components of size less than t are removed completely (with t set to 2); the
Cluster phase uses the random walk similarities to ﬁnd intent clusters. Other
algorithms, based on user behavioural data and/or crowdsourcing, have appeared
in the eﬀort to discover query intents based [52,80,91,116], while work has also
be done in identifying what is a representative sample of query intents for reliable
evaluation [145].
Session-based Evaluation Measures: The afore-described evaluation
framework focus on serving the best results for a one-shot query. However,
users frequently reformulate their initial query. The questions that arise are:
Can we measure the eﬀectiveness of a retrieval system over a sequence of reformulations (session)? Can we optimise systems to provide better results over a
session? The TREC Session Track4 was proposed and funded to extend the evaluation framework from one query evaluation to multi-query session evaluation by
(a) construct the necessary benchmark collections, and (b) establish new evaluation measures.

4

http://ir.cis.udel.edu/sessions/.
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(a) Construction time.

(b) Testing time.

Fig. 9. Session-based collection

Constructing a session-based benchmark collection remains an open problem.
Figure 9 demonstrates the key diﬃculty. Figure 9(a) demonstrates the collection
construction phase. A search engine is used to collect queries and reformulations,
while the returned results are annotated similarly to the traditional benchmark
collection. However, at testing time, shown in Fig. 9(b), given the ﬁrst query in
the multi-query session collected before, the tested system reacts in a diﬀerent
manner than the system used to create the collection, returning diﬀerent documents. Given this new ranked list of documents it is an unrealistic assumption to
consider that the user will reformulate her query the same way as before; hence
there is no way to know how to evaluate the next step in the session. Simulating
users instead of real users has appeared in the literature as a solution to this
problem [17,18,30,83].
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Given a (possibly simulated) session-based benchmark collection, one also
needs to rethink of the evaluation measures that can capture the goodness of a
system across the entire user session, and not just for a single query. Measures
that have appeared in the literature typically extend user models constructed for
a single query scenario to the multi-query case. They assume that the user steps
down a ranked list of documents, observes each one of them until a decision point
and either (a) abandons the search, or (b) reformulates. While stepping down
or sideways, the user accumulates utility. In the case of the Session DCG [82]
the user steps down the ranked list until rank k and always reformulates. This is
a deterministic model which does not allow early abandonment. Yang and Lad
took a stochastic approach where the user steps down the ranked list of results,
one-by-one, and stops browsing documents based on a stochastic process that
deﬁnes a stopping probability distribution over ranks and reformulates. Their
model is stochastic but it also does not allow early abandonment; that is the
user will continue reformulating as long as there are reformulated queries in
the collection. Last, Kanoulas et al. [88] proposed a number of expected session
measures, according to which the user steps down a ranked list of documents
until a decision point and either abandons the query or reformulates.
Evaluation of Evaluation Measures: Evaluation measures are of supreme
importance to the development of search engines. Search algorithms are optimised with respect to some evaluation measure. Thus, it is the measure that
actually deﬁnes the problem that is being solved. Tens of search quality measures have appeared in the literature to accommodate the diﬀerent information
access tasks researchers and practitioners study [53]. The question that arises is
what makes a good measure, and how to select or deﬁne one. Two frameworks
have been used to evaluate evaluation measures, (a) an axiomatic deﬁnition
framework, and (b) an empirical evaluation framework.
The former deﬁnes a set of axioms (or constraints) that an evaluation measure
should follow. These axioms are derived from the information access task under
study. Measures are then mathematically derived from these axioms or tested
against them [6,23].
For the empirical evaluation a number of methods have been developed that
either compare the outcome of an experiment (as dictated by the evaluation
measure value) with implicit or explicit user feedback, or they examine inherent
properties that good measures should demonstrate when used for evaluation.
Query Logs (User): Modern evaluation measures are typically deﬁned on the
basis of some model of user interaction with the SERP. Instead of directly evaluating the measure one can evaluate the user model, by comparing the predictions that the model makes to the data observed in query logs. Log-likelihood
and perplexity are used to essentially measure the goodness-of-ﬁt of a model to
the clicks observed in a log [42,44,64].
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Side-by-Side and Click-based (User): Side-by-side experiments, in which the
results of two search algorithms under evaluation are shown to a user and the
user expresses her preference can be used as a diﬀerent evaluation framework.
Click-based measures (some of which will deﬁned later in this paper) can also
aggregate online clicks to compare two search algorithms. A way to evaluate an
evaluation measure is then to measure the agreement of the conclusions drawn
by using this measure and a side-by-side or click-based measure regarding which
algorithms is better [128].
Discriminative Power (Property): Evaluation measures are typically used in a
comparative setup where two or more algorithms need to be compared with each
other. As we will see in the next section of this paper, statistical signiﬁcant test
are used to allow the inference of the comparisons from a sample of test queries
to the population of all possible user queries. An evaluation measure deﬁnes
the power of such a test, that is its ability to tell that one system outperforms
another. Hence, two evaluation measures can be compared with respect to their
discriminative power [123,126].
Informativeness (Property): A search engine performance is deﬁned by the relevance of the results page. Any evaluation measure receives as an input this
ranked list of relevance judgments and aggregate it to summarises the performance of the search engine. Hence, the only information that an optimisation
process have regarding the quality of the SERP is though the value of an evaluation measure. The more informative a measure is the less uncertainty there
is regarding the ordering of relevance judgments it has summarised. Using an
informative measure versus an uninformative one is particularly important when
evaluation measures are used as objective functions in a learning-to-rank framework. Hence, one can evaluate a measure on the basis of its informativeness.
Aslam et al. has used a maximum-entropy framework to ﬁnd the most likely
distribution of relevance over a ranked list given a measure value [13]. The formulation of the maximum entropy framework was then extended by Ashkan for
user-based and novelty and diversity-based measures [7].

4
4.1

Statistical Signiﬁcance Testing
Hypothesis Testing 101

Let’s assume now that we have carefully chosen the measure to quantify the
quality of the retrieval algorithms we want to test. Further, let’s also assume
that we have a hypothesis we want to test: “if we rewrite a user’s query by
including all the synonyms of the terms in the query the eﬀectiveness of a query
likelihood ranking algorithm, as measured by average precision, will increase”.
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Fig. 10. Query likelihood with and without query expansion.

We select a set of queries to test the two ranking algorithms: (a) the baseline: a query likelihood ranking algorithm, and (b) the experimental: a query
likelihood ranking algorithm with query expansion by synonyms. We obtain relevance judgments for the query-document pairs in our collection and we measure
the eﬀectiveness of your system by the chosen measure, e.g. Average Precision
(AP). The results of the query likelihood system with and without query expansion and be seen in Fig. 10. If we look at the two plots, what can we say about
our hypothesis? Looking at the mean AP values for the two systems one may be
inclined to conclude that our hypothesis is correct. However, is it possible that
the observed results are due to randomness in the choice of the 10 queries? That
is, will the results hold if we throw away these test queries and choose another
set of test queries; or in general do the results from these 10 queries generalise
to the population of all queries?
Statistical signiﬁcance testing5 allows to test whether the diﬀerence in the
measurements between the two systems are due to randomness in the sample of
queries and hence they cannot be generalised to the population of all queries.
To perform a statistical signiﬁcance test ﬁrst we form the null hypothesis.
This is the hypothesis we want to prove wrong, hence it is the opposite of our
working hypothesis.
• H0 : μA − μB = 0
• Ha : μA − μB = 0 or μA − μB > 0
Then we obtain system performance measurements over a sample of queries,
and compute a test statistic t from those measurements. The statistic t should
be chosen so that it has a known distribution under H0 . Finding such a statistic
is often diﬃcult, and diﬀerent tests diﬀer exactly in the statistic they compute
and the distribution this statistic follows under H0 . Having chosen the statistic
t with a known distribution under H0 , and computed its value based on the

5

A tutorial on the topic has also been given by Carterette [27, 28].
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measurements from the experiment, we can then calculate the p-value, the probability of observing this value for t while assuming that H0 is true. If the p-value
is very low, one can conclude that H0 is false. If the p-value is not low then
there is no evidence to allow the rejection of the null hypothesis. To make such
a decision we need a threshold α over p-values. This threshold is typically set to
5 % (or 1 %).
The most commonly used tests in information retrieval are:
• Parametric
– Students t-test
• Non-parametric
– Sign test/binomial test
– Wilcoxon signed rank test
• Distribution-free
– Randomisation test
– Bootstrap test
Parametric tests rely on assumptions about the shape of the distribution (e.g.,
assume a normal distribution) in the underlying population and about the form
or parameters (i.e., means and standard deviations) of the assumed distribution.
Nonparametric tests rely on no (or few) assumptions about the shape or parameters of the population distribution from which the sample was drawn, while
distribution-free tests make no assumption about the underlying distribution
what so ever. A comparison among the aforementioned tests can be found in
Smucker et al. [134,135].
Let’s take the Student’s t-test as an example of a statistical signiﬁcance test.
The t statistic is deﬁned as,
t=

μB−A
σB−A
√
N

∼ N (0, 1)

where μB−A and σB−A is the mean and the variance of the diﬀerences between
the values of the two systems. Note that a paired t-test is used to compare two
population means since we have two samples in which observations in one sample
can be paired with observations in the other sample, given that the two systems
run over the same queries and against the same collection.
Table 2 illustrates an example, where the two systems, A (Query Likelihood)
and B (Query Likelihood with Synonyms) are ran against 10 queries. Each number in column A and B corresponds to the eﬀectiveness of the two systems
over a query, while the last column corresponds to the diﬀerence in the performance measurement. The t statistics computed on the basis of these numbers is
2.33.
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Table 2. Average precision values over 10 queries for query likelihood with (system
A) and without (system B) query expansion with synonyms. (These are hand-picked
values, not the output of an actual experiment.)
Query A

B

B−A

1

0.25 0.35 +0.10

2

0.43 0.84 +0.41

3

0.39 0.15 −0.24

4

0.75 0.75 0

5

0.43 0.68 +0.25

6

0.15 0.85 +0.70

7

0.20 0.80 +0.60

8

0.52 0.50 −0.02

9

0.49 0.58 +0.09

10

0.50 0.75 +0.025

Figure 11 depicts the distribution of the t statistics under h0 , that is under the
hypothesis that there is no diﬀerence in the eﬀectiveness of the two systems in the
population of queries. The statistic computed based on Table 2 lies at the right
tail of the distribution. The blue area, to the right of the computed t statistic, is
the probability of observing a t value that is equal or greater to 2.33 under the
null hypothesis, which can be computed to 0.0225. Given that this probability is
smaller than 0.05 we can reject the null hypothesis, and conclude that including
synonyms in the query improves the eﬀectiveness of query likelihood.
The question that arises is whether there is any chance that the null hypothesis is still true while we reject it (Type I error), and what is this probability. Figure 12(a) illustrates this exact probability. Given that we reject the null
hypothesis when the p-value of our test is less than or equal to 0.05, this is
exactly the chance of making a mistake.
The same question holds in the case we could not reject the null hypothesis,
that is, is there a chance that the null hypothesis is false, while we do not reject
it (Type II error), and what is this probability. Answering this question is not
as easy as the previous question. The reason is that to answer this question, one
needs to know the distribution from which the observed t statistic comes if not
from the one under the null hypothesis. However, this is something we cannot
know. For the shake of the discussion however let’s assume that we know this
distribution. Figure 12(b) depicts both the distribution under the null hypothesis
and the actual distribution which produces the observed statistic. Given that we
cannot reject the null hypothesis for any value of t for which the p-value is
greater than 0.05, the probability that we erroneously do not reject the null
hypothesis under our working assumption that the observed t statistic comes
from the second distribution in the plot is the red area.
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Fig. 11. The t statistic distribution under H0 and the probability of the diﬀerence
coming from this distribution. (Color ﬁgure online)

Statistical signiﬁcance tests are classiﬁers. They predict whether a hypothesis
is true or false. Hence one could construct a contingency table for a signiﬁcance
test (see Table 3).
To summarise Table 3 the test parameter α is used to decide whether to reject
H0 or not if p < α, then we reject H0 . Choosing α is equivalent to stating an
expected Type I error rate. E.g. if p < 0.05 we are saying that we expect that
we will incorrectly reject H0 5 % of the time. When H0 is true, every p-value is
equally likely to be observed, and hence 5 % of the time we will observe a p-value
less than 0.05 and therefore there is a 5 % Type I error rate.
The power of statistical signiﬁcance test is the probability the test correctly
rejects the null hypothesis (1 - Type II error). Given that there are many ways
the null hypothesis can be false we cannot simply compute the power of the
test. However, we can set the minimum diﬀerence in the t statistic that the test
should be able to detect. Setting this δ essentially sets the distribution under the

(a) Distribution under H0

(b) Distribution under H0 and Ha

Fig. 12. Student’s t distribution. (Color ﬁgure online)
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Table 3. Signiﬁcance testing contingency table.
H0

True

False

Not rejected Accuracy: 1- α Type II error: β
Rejected

Type I error: α Power: 1 - β

B−A
alternative hypothesis. The t statistic is a function of the eﬀect size, μσB−A
, and
the size of the query sample, n. The eﬀect size is a measure of the magnitude
of the diﬀerence between two systems, and it is dimensionless; intuitively it is
similar to % change in performance. The bigger the population eﬀect size the
more likely to ﬁnd a signiﬁcant diﬀerence in a sample.
Before testing, we can say I want to be able to detect an eﬀect size of h with
probability β, e.g. If there is at least a 5 % diﬀerence, the test should say the
diﬀerence is signiﬁcant with 80 % probability. Once we have chosen α, β, and h,
we can determine the sample size needed to make the error rates come out as
desired: n = f (α, β, h)
To summarise power analysis and statistical signiﬁcance testing are the two
sides of the same coin. When setting up an experiment one can decide the Type
I and Type II errors, that is the probability to ﬁnd an eﬀect that is not there,
and the probability of not ﬁnding an eﬀect that is there. Further one can decide
the mean diﬀerence in the measurement of the performance of two systems one
would like to detect. Given that the eﬀect size is deﬁned as the mean performance
diﬀerence divided by the standard deviation of the performance diﬀerence to
identify the sample size we only need to know the standard deviation of the
performance diﬀerence.

4.2

Significance Testing in IR

In collection-based evaluation of search engines the only source of variance considered and account for by the statistical signiﬁcance test mentioned earlier is
variance due to the random selection of queries. However randomness in the
experiments come from a number of sources (Fig. 13):
•
•
•
•
•
•

Properties of queries
Properties of document corpus
Properties of eﬀectiveness measures
Assessor disagreement
Missing relevance judgments
Etc.

Current practise in information retrieval experimentation only accounts for
the variance due to sampling queries. All other sources of variance are ignored
either by being conﬂated in the variance due to queries or ignored all together,
which can lead to drawing wrong conclusions [26,32,33,122,124,145].
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(a) Due to queries and documents

(b) Due to relevance judgments

(c) Due to human judges

(d) Due to users
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Fig. 13. Sources of variance in IR evaluation.

In what follows we will examine, as an illustrative example, two additional
to the queries sources of variance: (a) variance due to the properties of the
document corpus, and (b) variance due to the behavioural properties of users.
When considering sources of variance other than the queries there are two
questions that one needs to answer:
1. How can we quantify this variance?
2. How can we account extend the statistical test to account for multiple sources
of variance?
The usual approach to system evaluation in IR experiments is to choose a
measure deﬁned on the results of searching on an individual query, and take
an average of this measure over the set of queries, for the system concerned.
The usual approach to statistical signiﬁcance is to consider the results for the
individual query as the units of measurement. That is, the fact that system
A performs better than system B on topic 1 counts as a deﬁnitive result. The
signiﬁcance question arises only at the aggregation-over-topics level (does system
A perform better than system B on signiﬁcantly more topics?). We do not ask
the question as to whether or in what sense the individual topic 1 result was
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signiﬁcant. This approach eﬀectively assumes that the topics were sampled from
some population of (possible or actual) topics, but that the document collection
is ﬁxed in stone for all time.
Stated like this, it must be clear that this (the document collection part) is
a rather drastic assumption. In fact it is in part mitigated by the general view
in IR research that a result is only good if it works on multiple test collections.
But this is a rather crude approach to the problem. It would be good to have
a much better understanding of what each individual topic result is telling us,
and of how best to draw general conclusions from the topic sample × document
sample results that we have.
If it is accepted that the document collection should be regarded as sampled
in some way from a population each per-topic measurement has some builtin
error of estimation because the measurement is based on the sample rather
than the population. To quantify the variance of a per-topic measurement across
multiple samples of documents one can actually consider a document corpus and
create equal size samples from it. A diﬀerent approach used in Robertson and
Kanoulas [122] is to simulate diﬀerent corpora. There are diﬀerent approaches
to that: sampling the collection with replacement, bootstrap sampling of the
document scores computed by a search algorithm, add noise to the bootstrapped
scores (Kernel Density Estimation), or carefully ﬁt a smooth model to the scores
and sample from this model. In all cases the evaluation measure can now be
computed for the diﬀerent samples of the corpus and the eﬀectiveness of the
algorithm does not only vary across queries but also within queries (see Fig. 14).

Fig. 14. Search algorithm performance per query and document corpus.
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The t-test is based on a linear regression model that can only account for a
single source of variance,
yij = βi + bj + ij
bj ∼ N (0, σ12 ),

ij ∼ N (0, σ 2 )

βi is the retrieval system eﬀect, bj the query eﬀect and ij the residual error.
The system eﬀect is a so-called ﬁxed eﬀects since the systems we would like
to compare are ﬁxed and not a sample from some system distribution. On the
other hand the query eﬀect is a random eﬀect, assuming that the topic is actually
sampled from a population of queries. The assumption behind this model is that
the random variable, bj , is independent and identically normally distributed with
zero mean and σ12 variance. The residual error is also assumed to be independent
and identically normally distributed with zero mean and σ 2 variance.
Using the t-test to measure the statistical signiﬁcance of an eﬀect an algorithm has on the search quality, when there are multiple sources of variance,
erroneously conﬂates the variance of the other sources with the variance of the
residual error. However, the above-described linear model can be expanded to
account for multiple sources of variance:
yijk = βi + bj + cij + ijk
bj ∼ N (0, σ12 ) cij ∼ N (0, σ12 )

ijk ∼ N (0, σ 2 )

cij now models the within-query eﬀect, given that for a system i and a query
j we now have repeated measurements.

Fig. 15. Point estimates of user model parameters.

The model parameters of evaluation measures are another plausible source of
variance. The values of these parameters are either predeﬁned in an ad-hoc way,
or point estimates of them are computed by a number of diﬀerent approaches
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e.g. by minimise variance in evaluation [87], or ﬁtting a model to gaps between
clicks [150]. In all cases however a single value for the parameters is used and
hence the evaluation is performed with respect to an average user (Fig. 15).
Users however behave very diﬀerently when searching, and hence a distribution
of these model parameter values could be used instead. In this case measurements
do not vary across queries only but for each query they vary due to the diﬀerent
user model parameters used. The t-test linear regression model can be extended
again to accommodate for this second source of variance [32,33].

5

In-situ Evaluation

One of the basic assumptions behind collection-based evaluation is that (a) assessors are actual users of the search engine agree as to what constitutes a relevant
and irrelevant document, given a user’s query, and (b) the evaluation measures
used to quantify the system performance agree with the actual user’s satisfaction
with the system. In tasks such as search personalisation, or when the search task
requires an expertise on the topic this is a drastic assumption to make. In-situ
evaluation, on the other hand, removes such an assumption since the user that
poses the query is the one deciding about the quality of the returned results.
However, obtaining explicit feedback by the user regarding search performance
is typically hard, and hence in-situ evaluation depends on the assumption that
it is the observable (by the search engine) user behaviour that reﬂects relevance.
Implicit in this is that users behave rationally, that is when searching they have
a speciﬁc goal in mind and they consistently work towards that goal; they do not
behave in randomly or maliciously. This assumption gives high ﬁdelity to in-situ
evaluation; users replace judges, evaluation is performed on actual queries typed
in, and no ambiguity is present in the posed queries. On the other hand, given
that feedback is not explicit one needs to carefully design methods that distill
search quality from the noisy implicit user feedback.
There many diﬀerent user signals that have been used to quantify relevance
including:
•
•
•
•
•
•

Clicks
Mouse movement
Browser actions, such as bookmarks, saves, prints
Dwell time on the SERP and on landing pages of clicked results
Explicit judgments, such as likes, favourites, etc.
Query reformulations

5.1

Observable User Behaviour

[42,50,60,67,68] In this section we will focus on a number of these signals
before coming to the experimental design and implementation details of in-situ
experiments.
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Interpreting Clicks: Clicks on search results is the most exploited user feedback be in-situ evaluation algorithms. The question that arises is what can we
infer by observing a user clicking on a search result. How can we assess the quality of the results and how can we translate that to quantifying the quality of
the search engine? Let’s take Fig. 16(a) as an examples. The user has posed the
query “citation metrics” and clicked on the second and fourth result returned
by the search engine. Are these clicks an implicit feedback of the perceived by
the user relevance of the two results? Are these two clicked results equally good?
In a second example, Fig. 16(b), the user posed the query “weather amsterdam”
and never clicked on anything. What does a “no click” mean with respect to the
quality of the returned results?

(a) Query: “citation metrics”

(b) Query: “weather amsterdam”

Fig. 16. Clicks and no clicks on search engine results pages.

Research focused on interpreting clicks suggest that clicks are noisy; they
don’t always mean relevance, while their absence is not always a negative signal
about the quality of the search algorithm [72]. Further, clicks are biased in a
number of ways [85,86]: (a) there is position bias; users are more inclined to
examine and click on higher-ranked results, (b) there is contextual bias; whether
users click on a result depends on other nearby results, and (c) there is attention
bias; users click more on results which draw attention to themselves. However, as
we will see later in this section, in the long run clicks point in the right direction.
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Interpreting Dwell Time: One of the open questions in interpreting clicks is
actually identifying when a click is made on a satisfactory results (SAT click) and
when not. Fox et al. [63] tested a large number of implicit feedback to conclude
that the two most predictive user signals regarding the satisfaction of the user
when clicking a document is the dwell time, that is the time spent on the landing
page of the clicked result, and the exit type, i.e. the way in which the user exited
the landing page (e.g. by killing the browser window, by typing in a new query,
by navigate using history or by session time out). Further a threshold of 30
seconds spent on a landing page appeared to be a good threshold on dwell time
towards predicting a SAT from a DSAT click.
Work on the same topic by Kelly and Belkin [93] however suggested that
this threshold depends both on the actual user and on the type of the task that
led to the search. Kim et al. [96] attempted to address this problem by ﬁrst
segmenting user sessions by a number of features, such as query topic, query
type, page topic, and reading level attributes, and then modelled dwell time by
a Gamma distribution and through Maximum Likelihood Estimation computed
the probability of a dwell time given a SAT click, and the same probability given
a DSAT. These probabilities were then used by a classiﬁer to predict whether a
click belongs to on the former or the latter category.
Interpreting Mouse Movement: Results in the aforementioned research
work dictate that dwell time may not suﬃce in distinguishing SAT from DSAT
clicks on search results. Another line of research examines post-click behaviour,
and in particular cursor movements and mouse scrolling as indicators of the
searchers satisfaction from the landing pages [69].
In particular, Guo and Agichtein discovered that there is a number of patterns that can dictate whether a user is reading, scanning or skipping big parts
of the landing page. Reading indicates relevance while scanning or skipping indicate non-relevance. They observed that horizontal mouse movements, still mouse
and mouse at the left half of the screen are good indications of reading, while
vertical mouse movements, equal distribution of a still mouse across many areas
of the landing page and scrolling indicate scanning or skipping. Scanning the
landing page followed by reading can also indicates relevance. Based on these
observations they extracted a number of features and built a classiﬁer to predict
SAT clicks.
Interpreting Mouse Movement on a SERP: Often times the user examines
a SERP but does not click on any search result. In this case the question that
arises is whether this is a positive or a negative signal towards the relevance
of the SERP. Diriye et al. [58] observed that 41 % of the time that no clicks
were recorded was due to dissatisfactory results, but 31 % of the time the results
were still satisfying - e.g. the users might have found the answer of her query in
the snippets. The percentage of good abandonment of the SERP increased even
further when considering search on mobile devises.
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Huang et al. [81] used mouse cursor movements on the SERP to predict
whether whether a SERP has satisﬁed a user that did not click on any of the
results. Having observed that mouse cursor correlates well with eye gaze, they
examined the time spent by a user on hovering over each search result title and
the time taken to reach each result title in the ranked list. They discovered that
result hover features actually correlate better with human relevance judgments
than click-through rates. In addition, even when there are no clicks for a query,
hover features show a reasonable correlation with human judgments.
Predicting user satisfaction by the returned SERP requires engineering complex features functions of the position of the mouse, the speed of the mouse, etc.
Lagun et al. [102] and Liu et al. [107] proposed the discovery of common mouse
subsequences (motifs) and predict satisfaction based on these motifs.
Interpreting Query Reformulations: Hassan et al. [72] examined whether
query reformulations can predict user satisfaction by a presented SERP. Specifically, given a query Q1 , a SERP, and a query reformulation Q2 , the goal of
their work is to predict the SERP level satisfaction. The considered two classes
of features based on (a) the similarity between the two queries, and (b) the time
diﬀerent between the two query submissions. Combining these features with click
features they trained a classiﬁer to predict user satisfaction.
In-situ Evaluation Experimental Designs
Clicks, dwell time, mouse movements, reformulations are all signals of user satisfaction with the search results. The question that remains open however is
how could one use these signals to compare two search algorithms. There are
two predominant frameworks for in-situ evaluation, (a) A/B Testing, and (b)
Interleaving.
5.2

A/B Testing

The concept of an A/B testing6 is trivial. The search traﬃc is randomly split
between two (or more) versions of a search algorithm, the control - production
system, and the treatment(s) - experimental system(s). Measures of interest
based on observable user behaviour are then collected and analysed. A/B testing
is one of the best scientiﬁc way to prove causality, i.e., the changes in measures
are caused by changes introduced in the treatment(s), and hence it is performed
by most commercial search engines7 to test the quality of their search algorithms.
Given that searchers are directed to diﬀerent versions of the search engine, A/B
tests are also used to test the search interface, and other auxiliary search tools
(e.g. query recommendation, query autocompletion), and additional panels (e.g.
one-box results, knowledge cards) that appear in the SERP.
6
7

Also known as split testing, control/treatment testing, bucket testing, randomised
experiments, and online ﬁeld experiments.
Amazon, eBay, Etsy, Facebook, Google, Groupon, Intuit, LinkedIn, Microsoft, NetFlix, Shop Direct, Yahoo!, Zynga have reported performing A/B tests.
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Experimental Setup: The simplest setup for an A/B test is to evaluate one
factor with two levels, e.g. two diﬀerent versions of a ranking function. The
percentage of traﬃc directed to the production system versus the experimental
system can vary based on (a) the risk on is willing to take by diverting traﬃc
to an experimental version of the search engine, and (b) the statistical power of
the experiment towards identifying signiﬁcant eﬀects - maximum power can be
achieved by a 50 %–50 % split. In any case however, the percentage should remain
ﬁxed throughout the experiment to avoid observing the Simpsons paradox [115].
The simplest experimental setup for an A/B test is a single parameter experiment. A single parameter experiment means that one is allowed to change a single
parameter of the retrieval system, and each change of this parameter generates
a diﬀerent experimental system. Then the search traﬃc is split between the production and the experimental systems, and hence each user (or, as we will see
later, each randomisation unit) is in a single experiment.
Unfortunately, modern retrieval systems have hundreds or even thousands
of such parameters; hence this simple single parameter setup simply does not
scale. On the other end of complexity lies a multi-factorial design. This is a
fully factorial design with N parameter varying across k values per factor. If
parameters are independent with each other the that results in N k experiments,
and each randomisation unit is simultaneously in N experiments.
Unfortunately, not all parameters are independent. For instance using a lightweight index that does not store the positions of terms in a document does not
allow the eﬃcient use of position-based language model for retrieval. Hence,
in reality parameters are partitioned into subsets (layers) of dependent parameters. In this case each randomisation unit is in M independent experiments
(for M layers) [16,56,98,139].
Given the experimental infrastructure one actually needs to make a number
of decisions when setting up an experiment [51,97–101]. Some of these decisions
are discussed below.
Traﬃc Diverion: Experiments must specify what subset of traﬃc is diverted.
One easy way to do experiment diversion is random traﬃc, however this may lead
to inconsistent experiences for the users in the case that one query in the session
is to the production system while the next query is diverted to the experimental
system. A simple mechanism to avoid that is to divert traﬃc based on the cookies
(or login information if available).
Choosing Measure: As mentioned in the previous session measures in in-situ evaluation are using observable user behaviour, such as clicks, mouse movements or
query reformulations. Translating these signals into result relevance and using
collection-based evaluation measure is one way to measure search quality. A different way that is typically used is to use measures that reﬂect search quality as
a direct function of the user’s implicit feedback. These measures can be designed
to quantify the overall quality of the SERP (e.g. Click Through Rate, Time to
Click, Reciprocal rank of ﬁrst click, etc.), or the overall experience of the user
with the search engine (e.g. number of sessions per user, absence time [38,138]).
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Often times online measures conﬂict with each other as to whether an experimental system is better than a baseline system, and hence careful analysis of the
experimental results is required.
Control Extraneous Factors: There may be many factors that aﬀect the measured
quality of a search engine. Test factors are those that are intentionally varied
to determine their eﬀects. An example of a non-test factor is the day of the
week an experiment is run. During weekend days users typically exhibit diﬀerent
behaviour while search than during week days. Non-test factors can be ﬁxed (e.g.
run an experiment only over week days), or integrated out of the experiment (e.g.
run an experiment over an entire week). They can be also stratiﬁed (run two
versions of the experiment, one over week days and one over weekend days, with
diﬀerent intensity, focusing mostly on the stratum in which the experimental
system is expected to have higher eﬀect). The latter can increase the statistical
power of the experiment.
Estimate Adequate Sample Size: Designing an experiment that enables the discovery of statistical signiﬁcant eﬀects is of paramount importance. Looking back
at section in which statistical signiﬁcance was discussed, the power of an experiment is a function of the sample size (that is the number of measurements we
collect), the eﬀect size one wants to be able to detect (which is the diﬀerence
of means of the measurements for the two versions of the search engine divided
by their standard deviations), and the Type I error, which is typically set to
5 %. Pre-setting the power of the experiment (typically set to 80 %) and knowing the variance of the measurements can allow us to calculate the number of
measurements required. Having speciﬁed the number of randomisation units to
be diverted on the basis of the risk one wants to endure this deﬁnes the length
of the experiment.
To estimate the variance one may run an A/A test, that is use the same
production system both as a control and as a treatment just to collect data to
calculate the variance. Diﬀerent measures demonstrate diﬀerent levels of variability, hence the choice of the measure also aﬀects the duration of the experiment.
Simple SERP-lecel measures may have smaller variance that overall evaluation
measures (such as absence time).
Dilution: There are unavoidable gaps between “showing the feature to users” and
“the users experiencing the feature”. By focusing on the users that experience
a new feature in the case bucket the power and sensitivity of the A/B test
increases.
Carry Over Eﬀect: Experiments running in the past may aﬀect users’ behaviour
in the new experiments. A special case is carry over eﬀects during iterative
experimentation, i.e. between diﬀerent versions of the same experiment with the
population in the case buckets dropping oﬀ the experiment. To diagnose carry
over eﬀects one can test for bucket size abnormality by splitting users to ﬁrst
comers and returning, and test whether the ratio of ﬁrst comers to returning

70

E. Kanoulas

users remains stable. If abnormality occurs users should be shuﬄed between
experiments and re-run the experiments.
Novelty Impact: Short term user behaviour may not be a good indicator of long
term user behaviour: bias can be due to curiosity, learning curve. Hence, it may
be the case that even though the power analysis made during the experimental
design dictates that an eﬀect should be discovered when running the experiment for a certain period, and even though the eﬀect is actually there, it is not
observed. To diagnose a novelty eﬀect the ratio of control/treatment measure
throughout experiment is calculated. By considering the second half of the test
stable, building conﬁdence intervals one can observe whether values early in the
experiment are outside those intervals and continue running the experiment and
exclude those early values.
Analysis: Having run the experiment the treatment eﬀect (as a percent change)
with 95 % conﬁdence intervals can be used to decide whether any change in the
algorithm has resulted in a statistically signiﬁcant improvement of the perceived
by the user search quality.
By construction, base on statistical signiﬁcance testing, one should expect a
5 % of false positives, that is 5 % of the times the experiment will designate an
signiﬁcant eﬀect which such an eﬀect is not actually there. This 5 % of false
positives however assumes that the experiment is run only once, under one
dataset, one outcome and one analysis. In A/B testing however this assumption is typically violated: multiple testings are performed, multiple treatments
are considered, and multiple measures are reported. Let’s assume, for the sake
of demonstrating the issue here, that the null hypothesis is actually true, i.e.
the experimental system does not improve search quality compared to the production system. The probability of concluding it is false after one test is 0.05.
The probability of concluding it is false after two tests is .05 + .95*.05 = .0975,
while after 90 tests it is 0.998 . To avoid such erroneous conclusions one needs to
adjust the p-values up for to account for the multiple comparisons. There are
many diﬀerent approaches to do that, e.g. the Bonferroni correction, the Tukeys
Honest Signiﬁcant Diﬀerences, and the Multivariate t test.
Increasing Sensitivity. One of the open questions in A/B testing is how to
increase the sensitivity/power of the experiment. A number of methods have
been developed towards this direction [15,55,57,59,70,94].
One way is to reduce the variance of the measurements. Deng et al. [57]
suggest two methods to do that: (a) by stratiﬁcation, and (b) by the use
of co-variates. A second way to increase sensitivity is by increasing the sample size. Clearly this is something that one should since the mere point of
trying to increase sensitivity is to actually reduce the required sample size.
Drutsa et al. [59] instead proposed the use of a pseudo-sample so that the
number of measurements increase without actually increasing the length of the
experiment. To do that they considered a large number of evaluation measures
8

“If you torture the data enough, it will confess to anything”, Ronald Harry Coase.

A Short Survey on Online and Oﬄine Methods

71

calculated throughout the experiment, run time series analysis on the and
extracted features to help them predict future measurement points. Using these
predicted measurements (that is increasing the number of measurements in the
experiment) increased the sensitivity of the experiment. Obviously the accuracy
of the predictions highly aﬀect the extend to which wrong conclusions are drawn.
Kharitonov et al. [94] instead adapted statistical methods for sequential testing
(the OBrien and Fleming procedure) that allows stopping the experiment as
soon as a statistical signiﬁcant eﬀect is detected.
Counterfactual A/B Testing Evaluation. Evaluating search engines using
A/B testing exposes users to experimental algorithms, running the risk of showing dissatisfactory results. Further, the online deployment of experimental algorithms often requires cumbersome engineering work. Last, even though the multilayer infrastructure allows multiple experiment to be run in parallel, the experimental framework is often unable to scale to number of parameters values one
would like to test over. Therefore, typically an experimental funnel is in place,
with collection-based evaluation preceding any in-situ evaluation so that only
experimental systems with high potential of improvements over the production
system are tested online. However, as mentioned earlier collection-based evaluation has less ﬁdelity compared to in-situ evaluation and sometime the two
frameworks disagree regarding the eﬀectiveness of retrieval systems.
Ideally, one would still like to perform in-situ evaluation but oﬄine, using
collected query logs as benchmark collections. The issue with doing that is that
changes in the SERP produced by the experimental system are often unlikely to
exist in the stored query logs, since the production system does not return the
same results. Finding ways to use the query log as a benchmark collection that
allows the computation of online measures is still an open problem. There are
two methods that have appeared in this direction. Grotov et al. [65] trains click
models on the basis of historical query logs. Click models can be used to infer
the performance of a retrieval system using click signals to infer the relevance
of a document given a query. The validity of the experimental results depends
on how accurately click models can predict clicks. In a diﬀerent line of research
Li et al. [104–106] assume that for a given query a variety of SERPs are present
in historical logs, due to the extensive A/B testing typically performed. If their
assumption is valid one can simply compute online measures from historical
query logs, correcting for any bias due to the diﬀerent distribution of queries in
the log than the queries received by the live system. When the assumption is not
valid fuzzy matching between SERPs (e.g. only matching the top-k documents
in the ranked lists) can be used to match the SERP the experimental system is
producing and the SERPs in the query log for a given query.
5.3

Interleaving

Interleaving [84] is an alternative method to perform in-situ experiments. Diﬀerent from A/B testing interleaving does not split the search traﬃc among systems;
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instead results from two (or more) algorithms are simultaneously shown to each
user, by being interleaved in a single ranked list. User interactions over the
interleaved ranked list are then logged and the preference of users for documents coming from one algorithm over documents coming from an algorithm is
inferred.
The advantage of interleaving over A/B testing is that it provides a withinsubject design, as opposed to the between-subject design of the A/B testing
framework, which can drastically reduce variance, and improve the sensitivity of
the experiment.
Devising an interleaving experiment requires (a) coming up with a method
to interleave the results of two (or more) search algorithms, (b) deciding how to
measure the preference of a user for a document, and (c) assigning this credit
back to the participating in the experiment search algorithms. Interleaving algorithms diﬀer from each other in one of these perspectives, with a number of
methods developed already:
• Balanced interleaving (Joachims et al. in 2006 [86], Radlinski et al. in 2008
[119])
• Team Draft interleaving (Radlinski et al. in 2008 [119])
• Document constraints interleaving (He et al. in 2009 [74])
• Probabilistic interleaving (Hofmann et al. in 2011 [75])
• Optimised interleaving (Radlinski and Craswell in 2013 [118])
• Vertical aware team draft interleaving (Chuklin et al. in 2014 [46])
• Team draft multileaving (Schuth et al. in 2014 [133])
• Optimised multileaving (Schuth et al. in 2014 [133])
• Probabilistic multileaving (Schuth et al. in 2015 [131])
• Generalised Team Draft Interleaving (Kharitonov et al. in 2015 [95])
In all aforementioned interleaving algorithms clicks are used to infer users
preference for one or another participating algorithm, however one can envisage
that signals discussed in the Observable User Behaviour section that distill SAT
clicks (using dwell time, mouse movement over landing pages, or types of reformulations) could also be used. If documents coming from algorithm A receive
more clicks than documents coming from algorithm B, then A wins. Recent work
in this direction infers more powerful online measures/statistic for interleaving
evaluation [132,149].
One of the challenges in devising methods to interleave two rankings and
assign credit is to avoid possible biases coming from the natural biases user clicks
exhibit. Randomisation is typically used to avoid such biases and diagnostics are
run to empirically validate the absence of them. Two properties that are typically
examined through these diagnostics are: (a) Would random clicking consistently
prefer one ranking over another? (b) Would rational clicking consistently prefer
one ranking over another equally good one? Balanced interleaving, and Team
Draft interleaving fail to exhibit correct behaviour in these corner cases.
A methodological way to develop unbiased interleaving algorithms has been
developed by Radlinski and Craswell [118]. The authors model the problem of
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developing an interleaving algorithm as a constraint optimisation problem. Constraints come from desirable properties in corner cases discussed above, while
they optimise for the sensitivity of the derived interleaving method.
Kharitonov et al. [94] have also adapted sequential signiﬁcance testing methods for the early stopping of interleaving experiments.
Counterfactual Interleaving Evaluation. Similar to the A/B testing
framework, one question that arises here is whether interleaving can be
performed oﬄine, by using historical query logs as benchmark collections.
Hofmann et al. [76] developed a probabilistic interleaving algorithms, similar
to Team Draft interleaving, where a coin is tossed at every step of the algorithm
to choose the ranking from which the next document will be picked, but within a
ranking documents are sampled without replacement according to a predeﬁned
distribution over ranks. Having observed user clicks on the interleaved ranking
credit is based on all possible assignments of the resulted ranked list (see Fig. 17).

Fig. 17. Possible interleaved rankings in probabilistic interleaving. (Color ﬁgure online)

Due to the probabilistic selection of documents to be interleaved, rankings
in historical logs may be explained by some permutation of two ranked lists
under testing, even though they have not been originated by these algorithms
when logged. Importance sampling is used to correct bias. This allows running
interleaving experiments using historical logs.

6

Comparative Studies

A valid question to be asked is how these diﬀerent collection-based and insitu algorithms compare with each other, and in particular (a) how reliable
they are in evaluating the quality of search engines, and (b) how sensitive they
are, i.e. how much data do they require to achieve a target conﬁdence level
(p-value) [41,117,119].
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One of the early comparative studies was performed between interleaved
and collection-based experiments [119]. 4–6 pairs of ranking functions, of known
retrieval quality, by construction or by judged evaluation, were selected to compare in diﬀerent settings. Observed user behaviour in two experimental conditions: (a) randomly used one of the two individual ranking functions, and
(b) presented an interleaving of the two ranking functions, with the goal to compare all three methods. Evaluation performed on arXiv.org (an academic paper
repository) but later on it was replicated against two other search platforms,
Bing Web search [117], and Yahoo! Web search [41].
Interleaving Versus Collection-based Evaluation: Experiments on
Bing [117] demonstrated that there is a good correlation between expert judgments and interleaving, and further on that one expert judged query is worth
approximately 10 queries with clicks.
Interleaving Versus A/B Testing: In the same set of studies interleaving was
compared against A/B testing. Comparison were performed on arXiv.org [119],
and later replicated on Yahoo! Web Search [41]. Measures computed for the
A/B testing included abandonment rate, clicks per query, click at the top-ranked
result, pSkip, max and mean Reciprocal Rank of ﬁrst click, time to ﬁrst click, and
time to last click. Results suggested that the aforementioned measures in A/B
testing appeared to be soetimes inconsistent to what was expected (by construction of the rankings under comparison), while results produced by interleaving
were at all cases consistent.
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(eds.) ECIR 2006. LNCS, vol. 3936, pp. 488–491. Springer, Heidelberg (2006).
http://dx.doi.org/10.1007/11735106 48
54. Demeester, T., Aly, R., Hiemstra, D., Nguyen, D., Trieschnigg, D., Develder, C.:
Exploiting user disagreement for web search evaluation: an experimental approach. In: Proceedings of the 7th ACM International Conference on Web Search
and Data Mining, WSDM 2014, pp. 33–42. ACM, New York (2014). http://doi.
acm.org/10.1145/2556195.2556268
55. Deng, A., Hu, V.: Diluted treatment eﬀect estimation for trigger analysis in online
controlled experiments. In: Proceedings of the Eighth ACM International Conference on Web Search and Data Mining, WSDM 2015, pp. 349–358. ACM, New
York (2015). http://doi.acm.org/10.1145/2684822.2685307
56. Deng, A., Li, T., Guo, Y.: Statistical inference in two-stage online controlled
experiments with treatment selection and validation. In: Proceedings of the 23rd
International Conference on World Wide Web, WWW 2014, pp. 609–618. ACM,
New York (2014). http://doi.acm.org/10.1145/2566486.2568028
57. Deng, A., Xu, Y., Kohavi, R., Walker, T.: Improving the sensitivity of online
controlled experiments by utilizing pre-experiment data. In: Proceedings of the
Sixth ACM International Conference on Web Search and Data Mining, WSDM
2013, pp. 123–132. ACM, New York (2013). http://doi.acm.org/10.1145/2433396.
2433413
58. Diriye, A., White, R., Buscher, G., Dumais, S.: Leaving so soon?: understanding and predicting web search abandonment rationales. In: Proceedings of the
21st ACM International Conference on Information and Knowledge Management,
CIKM 2012, pp. 1025–1034. ACM, New York (2012). http://doi.acm.org/10.1145/
2396761.2398399
59. Drutsa, A., Gusev, G., Serdyukov, P.: Future user engagement prediction and its
application to improve the sensitivity of online experiments. In: Proceedings of
the 24th International Conference on World Wide Web, WWW 2015, pp. 256–
266. International World Wide Web Conferences Steering Committee, Republic
and Canton of Geneva (2015). http://dx.doi.org/10.1145/2736277.2741116
60. Dupret, G.E., Piwowarski, B.: A user browsing model to predict search engine
click data from past observations. In: Proceedings of the 31st Annual International
ACM SIGIR Conference on Research and Development in Information Retrieval,
SIGIR 2008, pp. 331–338. ACM, New York (2008). http://doi.acm.org/10.1145/
1390334.1390392
61. Efron, M.: Using multiple query aspects to build test collections without human
relevance judgments. In: Boughanem, M., Berrut, C., Mothe, J., Soule-Dupuy,
C. (eds.) ECIR 2009. LNCS, vol. 5478, pp. 276–287. Springer, Heidelberg (2009).
http://dx.doi.org/10.1007/978-3-642-00958-7 26

80

E. Kanoulas

62. Ferrante, M., Ferro, N., Maistro, M.: Injecting user models and time into precision
via markov chains. In: Proceedings of the 37th International ACM SIGIR Conference on Research and Development in Information Retrieval, SIGIR 2014, pp.
597–606. ACM, New York (2014). http://doi.acm.org/10.1145/2600428.2609637
63. Fox, S., Karnawat, K., Mydland, M., Dumais, S., White, T.: Evaluating implicit
measures to improve web search. ACM Trans. Inf. Syst. 23(2), 147–168 (2005).
http://doi.acm.org/10.1145/1059981.1059982
64. Grotov, A., Chuklin, A., Markov, I., Stout, L., Xumara, F., de Rijke, M.: A
comparative study of click models for web search. In: Mothe, J., Savoy, J., Kamps,
J., Pinel-Sauvagnat, K., Jones, G., San Juan, E., Capellato, L., Ferro, N. (eds.)
CLEF 2015. LNCS, vol. 9283, pp. 78–90. Springer, Heidelberg (2015). doi:10.
1007/978-3-319-24027-5 7
65. Grotov, A., Whiteson, S., de Rijke, M.: Bayesian ranker comparison based
on historical user interactions. In: Proceedings of the 38th International ACM
SIGIR Conference on Research and Development in Information Retrieval, SIGIR
2015, pp. 273–282. ACM, New York (2015). http://doi.acm.org/10.1145/2766462.
2767730
66. Guiver, J., Mizzaro, S., Robertson, S.: A few good topics: Experiments in topic
set reduction for retrieval evaluation. ACM Trans. Inf. Syst. 27(4), 21:1–21:26
(2009). http://doi.acm.org/10.1145/1629096.1629099
67. Guo, F., Liu, C., Kannan, A., Minka, T., Taylor, M., Wang, Y.M., Faloutsos,
C.: Click chain model in web search. In: Proceedings of the 18th International
Conference on World Wide Web, WWW 2009, pp. 11–20. ACM, New York (2009).
http://doi.acm.org/10.1145/1526709.1526712
68. Guo, F., Liu, C., Wang, Y.M.: Eﬃcient multiple-click models in web search. In:
Proceedings of the Second ACM International Conference on Web Search and
Data Mining, WSDM 2009, pp. 124–131. ACM, New York (2009). http://doi.
acm.org/10.1145/1498759.1498818
69. Guo, Q., Agichtein, E.: Beyond dwell time: estimating document relevance from
cursor movements and other post-click searcher behavior. In: Proceedings of the
21st International Conference on World Wide Web, WWW 2012, pp. 569–578.
ACM, New York (2012). http://doi.acm.org/10.1145/2187836.2187914
70. Guo, Y., Deng, A.: Flexible Online Repeated Measures Experiment. ArXiv eprints, January 2015
71. Harman, D., Voorhees, E.M.: TREC: an overview. ARIST 40(1), 113–155 (2006).
http://dx.doi.org/10.1002/aris.1440400111
72. Hassan, A., Shi, X., Craswell, N., Ramsey, B.: Beyond clicks: query reformulation
as a predictor of search satisfaction. In: Proceedings of the 22nd ACM International Conference on Information and Knowledge Management, CIKM 2013,
pp. 2019–2028. ACM, New York (2013). http://doi.acm.org/10.1145/2505515.
2505682
73. Hauﬀ, C., Hiemstra, D., Azzopardi, L., de Jong, F.: A case for automatic system
evaluation. In: Gurrin, C., He, Y., Kazai, G., Kruschwitz, U., Little, S., Roelleke,
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