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1 INTRODUCTION
Information Retrieval (IR) system performance can be evaluated from two different standpoints,
efficiency and effectiveness. Efficiency is concerned with the algorithmic costs of IR systems, i.e.,
how fast they are in processing the needed information and how demanding they are in terms of
the computational resources required, namely CPU, memory, and storage. Effectiveness, instead, is
concerned with the ability of IR systems to retrieve and properly rank relevant documents while at
the same time suppressing the retrieval of non relevant ones. The ultimate goal is to satisfy the
user’s information needs.

While efficiency could also be assessed formally, e.g., by proving the computational complexity
of the adopted algorithms, effectiveness can be assessed only experimentally and this is why IR
is a discipline strongly rooted in experimentation since its inception, as Spärck Jones [372] and
Harman [189] have deeply discussed. Over the years, experimental evaluation has thus represented
a main driver of progress and innovation in the IR field, providing the means to assess, understand,
and improve the performance of IR systems from the viewpoint of effectiveness. Experimental
evaluation has not only propelled research in the field but, as pointed out by Rowe et al. [327], it
also had a continued and remarkable economic impact in terms of return on investment for both
academia and industry.

Experimental evaluation traditionally covers a very wide spectrum of cases, ranging from system-
oriented evaluation, accurately described by Sanderson [346], to user-oriented evaluation, carefully
summarized by Kelly [229]. This way of “categorizing” evaluation is still appropriate and current.
However, IR systems have greatly evolved over the decades and, nowadays, they embrace a paradigm
which de Rijke [113] called retrieval as interaction1 where their development is best thought of
as a two-stage process: offline development followed by continued online adaptation based on
interactions with users. Both these stages are driven by evaluation: in the offline phase to tune
parameters and learn from annotated datasets or log data; in the online phase to learn and adapt to
live interaction from users.
1This vision emerged through a series of technical papers over the last decade, stemming from early works by Hofmann
et al. [202, 203] to recent ones by Oosterhuis and de Rijke [298].
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2 Ferro and Maistro

Therefore, in this chapter, we present evaluation as ranging from offline evaluation to online
evaluation, also addressing the possibility of mixed approaches where you perform offline evaluation
but exploiting online data. Note that this vision does not fully cover the spectrum from system-
oriented to user-oriented evaluation, especially for what concerns evaluation of interactive IR. For
a detailed discussion on interactive IR and its evaluation please refer to, e.g., Ingwersen and Järvelin
[209], Ruthven and Kelly [332], and White [422].

In particular, Section 2 discusses the basis of offline evaluation, namely the Cranfield paradigm,
and how it is implemented, detailing how corpora and ground truth are created and how the
paradigm is embodied by evaluation campaigns. Section 3 presents some of the most widely used
performance measures, used in offline evaluation. Section 4 introduces the basic notions about
statistical significance testing and, then, it focuses on ANalysis Of VAriance (ANOVA) and how to
properly compare multiple systems. Section 5 starts to bridge from offline towards online evaluation,
explaining how to calibrate offline evaluation measures with online data. Section 6 describes the
basic principles of online evaluation and then presents two widely used alternatives for it, namely
A/B testing and interleaving, as well as performance measures for online evaluation. Section 7
deals with an issue transversal to offline and online evaluation, namely the foundational aspects of
measurement and their implications for IR evaluation. Finally, Section 8 wraps up the chapter and
presents some future trends in the field.

2 OFFLINE EVALUATION
This section introduces the building blocks of experimentation and evaluation of IR systems.
Section 2.1 starts with the Cranfield Paradigm, which is at the basis of IR evaluation. It was
proposed in the sixties but it still represents the core paradigm to build experimental collections
and run evaluation campaigns. The rest of the section covers different aspects involved in the
creation and usage of test collections. Section 2.2 describes how test collections can be created as a
joint effort during evaluation campaigns. Section 2.3 lists some popular test collections created in
the context of evaluation campaigns and widely used within the research community. Then the
focus shifts on how to collect annotations for test collections, which is the most expensive and
demanding activity when creating a test collection. Section 2.4 describes pooling, i.e., how to select
the candidate documents to be annotated. Section 2.5 explains how to use crowdsourcing to assess
such documents. Finally, Section 2.6 describes multi-armed bandits, as an alternative to create pools
of documents.

2.1 The Cranfield Paradigm
The Cranfield paradigm is at the core of offline evaluation and it was proposed by Cleverdon [92, 93]
back in the sixties of the past century. Cyril Cleverdon was a librarian at the College of Aeronautics
at Cranfield in the UK and he had the goal of comparing alternative strategies for the (manual)
indexing of books and papers in the library, in order to understand which one was more effective
for searching and retrieving the library holdings.
The Cranfield paradigm is based on experimental collections C = (𝐷,𝑇 ,𝐴) where: a corpus of

documents 𝐷 represents the domain of interest; a set of topics 𝑇 represents (a surrogate of) the
user information needs; and, human-made relevance assessments 𝐴 are the “correct” answers, or
ground-truth, determining, for each topic, the relevant documents2. Voorhees [408] provides a
detailed discussion of the evolution of this fundamental paradigm over the years.

2Relevance assessments are often also called relevance judgements or qrels; all these terms are used interchangeably in the
field.
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Fig. 1. Offline evaluation according to the Cranfield paradigm.

Figure 1 shows how offline evaluation works according to the Cranfield paradigm. Each topic
𝑡 ∈ 𝑇 is used as input to the examined IR system which searches the corpus of documents 𝐷
against that topic and produces a ranked result list of documents 𝑑1, 𝑑2, 𝑑3, . . . where the higher the
document in the ranking, i.e., 𝑑1, the higher is the estimate of its relevance by the system. This list,
i.e., the output of the IR system, is called the run. The relevance assessments 𝐴 are then used to
judge each of the retrieved documents and to produce the assessed run. Relevance assessments are
typically expressed as either binary relevance, i.e., relevant or not relevant, or as graded relevance,
e.g., not relevant, partially relevant, highly relevant, as proposed by Kekäläinen and Järvelin [228].
Assessments in the assessed run are then mapped to weights and this originates the weighted
assessed run. Typically, 0 and 1 are used in the case of binary relevance and integer numbers in the
case of graded relevance; however, recent studies, e.g., Maddalena et al. [266], used more articulated
mappings. The weighted assessed run is finally scored using one of the many evaluation measures
M available in IR. Since an experimental collection consists of many topics, the performance of
an IR system is characterized by a set of scores, one for each topic. Therefore, when comparing
two systems, we can aggregate such scores, e.g., by comparing the mean performance of the two
systems, or even better, we can use such scores to conduct a statistical significance test between the
two systems.

The main goal of this experimental setup is to be able to compare the performance of different IR
systems in a robust and repeatable way, as they are all scored with respect to the same experimental
collection. From an experimental setup point of view, as observed by Fuhr [167] and shown in
Figure 2, experimental collections and evaluation measures are controlled variables, since they are
kept fixed during experimentation; IR systems are independent variables, since they are the object
of experimentation, compared one against the other; and, performance scores are the dependent
variables, since their observed value changes as IR systems change.
This paradigm seems straightforward and intuitive but implementing it in a proper way is not

trivial. It is necessary to guarantee that the experimental results are scientifically valid, first of all
in terms of internal validity, i.e., “the ability to draw conclusions about causal relationships from
the results of a study” [100, p. 157]. Some examples of the issues you have to face are: how do you
sample documents and topics to avoid biases? How do you create relevance assessments? How
“big” should experimental collections be to guarantee statistically reliable inferences? How many
documents? How many topics? How many relevance assessments?
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Fig. 2. The Cranfield paradigm from an experimental setup point of view.

A rigorous methodology and validity are not the only challenges. Another major concern of
experimental evaluation is to be realistic. IR applications cover a wide range of domains: Web search,
medical and eHealth search, product search and e-commerce, intellectual property search, digital
libraries, just to name a few. Evaluating an IR system in a specific domain requires to develop an
experimental collection which reasonably represents that domain. Therefore, you need to gather
real documents and topics from a domain and you cannot rely on synthetic data, as it is common
in other areas of computer science. For example, in the case of Web search, you need to crawl a
reasonable amount of Web pages – which means in the order of millions and more, considering the
actual size of the Web – and sample topics from the query log of a real search engine.
Finally, experimental evaluation according to the Cranfield paradigm does not only allow us

to compare two (or more) IR systems in order to determine which one performs best, but it also
perfectly fits in the above vision of IR system development as a two-stage process, constituted by
an offline and an online development phases. Indeed, this evaluation paradigm is the same adopted
by Learning to Rank (LtR) [257] in the offline phase, where experimental collections, split into a
training, a validation, and a test set, become the annotated data used for the learning process and
evaluation measures are used to define the cost function of the learning algorithms.

2.2 Evaluation Campaigns
Carrying out experimental evaluation according to the Cranfield paradigm is very demanding in
terms of both the time and the effort required to prepare the experimental collection. Therefore, it
is usually carried out in publicly open and large-scale evaluation campaigns, at international level,
to share the effort, compare state-of-the-art systems and algorithms on a common and reproducible
ground, and maximize the impact.

Spärck Jones and van Rijsbergen [373] wrote, in the early seventies of the last century, a seminal
paper on how to implement the Cranfield paradigm in the context of a large-scale and shared
evaluation campaign, but it took until 1992, when the Text REtrieval Conference (TREC)3 [190] was
initiated in the United States. The TREC conference series has constituted the blueprint for the
organization of evaluation campaigns, providing guidelines and paving the way for others to follow.

3http://trec.nist.gov/
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Fig. 3. Typical cycle of an evaluation campaign.

In 1999 theNII Testbeds and Community for Information access Research (NTCIR)4 [342] was launched
in Japan and Asia while, in 2000, the Conference and Labs of the Evaluation Forum (CLEF)5 [154] was
initiated in Europe. More recently, in 2008, the Forum for Information Retrieval Evaluation (FIRE)6

began in India. Each of these initiatives has been studied to meet the perceived needs of a specific
community, reflecting linguistic, cultural and resource differences, while being designed within a
common theoretical framework. This common background has facilitated discussions and exchange
of ideas among different groups, sometimes resulting in tasks run across evaluation campaigns. The
aim is to avoid the duplication of effort and to provide complementary challenges, thus achieving a
synergy of ideas and activities.

Figure 3 shows the typical cycle according to which an evaluation campaign proceeds. Organizers
and assessors prepare document corpora and topics; then, participants, i.e. researchers and developers,
run their systems on the provided document corpora and topics and produce their runs. These
result lists are then sampled according to some criteria in order to create a pool of documents,
which are then judged by assessors in order to produce the relevance judgments. At this point,
performance measures, descriptive statistics, and statistical analyses are computed to evaluate the
performance of each system and compare the proposed solutions. All of this information is then used
for feeding the scientific production and the design and development of next generation systems.
Sakai [340] provides a detailed discussion on how to setup and run an evaluation task according to
4http://research.nii.ac.jp/ntcir/
5https://www.clef-initiative.eu/
6http://fire.irsi.res.in/
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this cycle. Dussin and Ferro [121] observed how this cycle can be framed within the well-know Data,
Information, Knowledge, Wisdom (DIKW) hierarchy [163, 328]: during an evaluation campaign, we
start from raw data, i.e., documents and topics; next, we obtain information by relating these raw
data via runs, pools, and relevance assessment; then, we extract knowledge in terms of performance
measures and statistical analyses; eventually, we distill wisdom by means of papers and insights on
how to design the next generation of systems.
Shared evaluation campaigns have always played a central role in IR research. They have

produced huge improvements in the state-of-the-art and helped strengthen a common system-
atic methodology, achieving not only scholarly impact [24, 245, 387, 392, 393] but also economic
results [327], estimated in a return-on-investment about 3-5 times the funding provided. The exper-
imental results accumulated by evaluation campaigns have also been used to conduct longitudinal
studies [26, 57, 158, 232] to quantitatively track the progress and improvement of IR technologies
over the years.
Finally, during their life-span, these large-scale campaigns also produce a huge amount of ex-

tremely valuable experimental data and require the support of proper software infrastructures to
be operated. Over the years, this led to the development and adoption of various platforms, such as
Distributed Information Retrieval Evaluation Campaign Tool (DIRECT) [114, 121, 361], EvaluatIR [25],
TIRA [309], TIREx [166], EvALL [13] as well as the Evaluation-as-a-Service approach [205]. More-
over, recent tools such as ir_datasets [264] and ir_metadata [55] facilitate the access to shared
experimental collections and the description of system runs, streamlining the implementation and
adoption of the Cranfield paradigm.

2.3 Document Corpora and Topics
As previously discussed, over the years, evaluation campaigns produced or relied onmany document
corpora. Below, you can find a not-exhaustive list of a few of them, just to get an understanding of
their kind of documents, their size, and the purposes for which are used.
• TIPSTER7: 528,155 documents (news articles, US government reports, etc.), Disks 4 and 5
excluding Congressional Record subcollection. It was used in several TREC tracks, among
which the Adhoc track [416, 417] and Robust track [402, 404].
• WT10g8: 1,692,096 Web pages crawled in 2001. It was used in the TRECWeb track [192, 193];
• GOV29: 25,205,179 Web pages crawled from .gov sites in early 2004. It was used in several
TREC tracks, among which the TREC Web track [104, 105] and the TREC Terabyte track [85,
90].
• CLEF Multilingual Corpus10: 4,883,227 multilingual news articles corpus in 13 languages
(Bulgarian, Dutch, English, Farsi, Finnish, French, German, Hungarian, Italian, Portuguese,
Spanish) gathered in 1994, 1995 and 2002. Topics in 28 different languages (Bengali, Bulgarian,
Chinese, Czech, Dutch, English, Farsi, Finnish, French, German, Greek, Hindi, Hungarian,
Indonesian, Italian, Japanese, Marathi, Norwegian, Oromo Polish, Portuguese, Russian, Slove-
nian, Spanish, Swedish, Tamil, Telugu, Thai). It was used in several CLEF Adhoc tracks [5, 48–
52, 115–117, 153]
• ClueWeb 200911: 1,040,809,705 Web pages in 10 languages crawled between January and
February 2009. It was used in several TREC tracks, among which the TRECWeb track [86, 87]

7https://catalog.ldc.upenn.edu/LDC93T3A
8http://ir.dcs.gla.ac.uk/test_collections/wt10g.html
9http://ir.dcs.gla.ac.uk/test_collections/gov2-summary.htm
10http://catalog.elra.info/en-us/repository/browse/ELRA-E0008/ and http://catalog.elra.info/en-us/repository/browse/
ELRA-E0036/
11https://lemurproject.org/clueweb09/
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• ClueWeb 201212: 733,019,372 English Web pages crawled between February 10, 2012 and
May 10, 2012. It was used in several TREC tracks, among which the TREC Web track [96, 97].
• ClueWeb 202213: 10 billion web pages, complemented with enriched information, such as
the visual representation of pages rendered by a web browser, making it suitable for various
tasks, including ranking, neural model pre-training, and language generation [303]. It was
used in the CLEF 2023 Touché lab [45] and the TREC 2023 IKAT track14.
• Chuweb21D15: 82.5 million English document collection for web search tasks [78]. It was
used in the NTCIR-16 We Want Web with CENTRE (WWW-4) task [344] and the NTCIR-17
Fair Web (FairWeb-1) task [383].
• The New York Times Annotated Corpus16: 1,855,658 news articles from January 1987
through December 2007 from New York Times. It was used in the TREC Common Core
track [8].
• TREC Washington Post Corpus17: 595,037 news articles and blog posts from January 2012
through August 2017 from Washington Post. It was used in several TREC tracks, among
which the TREC Common Core track [9] and the TREC News track [369, 370].
• MS MARCO18: 3.2 million English documents, 8.8 million passages, 1 million questions. It
was used in the TREC 2019 and 2020 Deep Learning tracks [106, 107].
• MS MARCO V219: 11.9 million English documents, 138.3 million passages. It was used in
the TREC 2021 to 2023 Deep Learning tracks [102, 103].

Figure 4 shows a topic taken from the CLEF multilingual collection. A topic typically consists of:
title, a brief statement expressing the information need and resembling the typical search engine
query; description, a more detailed formulation of the information need; and, narrative, instructions
for assessors on when to consider a document relevant. In the case of CLEF, you can note how the
content of these fields has been translated to several languages.
Topics are used to create the actual queries used by IR systems to search the document corpus.

This may happen in two ways, either automatic or manual. In the automatic way, IR systems
directly take topics as input and generate actual queries to be searched, typically using the title
and/or description fields; the simplest way is to use the topic fields as they are, but other more
sophisticated strategies are possible, such as boosting the weight of the terms of a field (typically
the title field) or expanding and enriching the query. In the manual way, a person reads the topic
and generates one or more queries corresponding to that topic which are then fed to the IR system.

Topics are thought to be (uniformly) sampled from an hypothetical distribution of all the possible
topics and, thus, to be representative of this distribution. But, as said before, how many topics do
we need to ensure that we are conducting statistically sound inferences? Academic experimental
collections usually comprise at least 50 topics but, most often, a few hundreds of them, accumulated
across several cycles of a campaign when using the same document corpus. In an industrial context,
especially in Web search, it is common to use thousands of topics.
Spärck Jones and van Rijsbergen [373] suggested that under 75 topics there was no real value

while 250 topics was a more acceptable size and more than 1,000 topics might be needed for some
purposes. Buckley and Voorhees showed that the reliability of a single comparison of two IR

12https://lemurproject.org/clueweb12/
13https://lemurproject.org/clueweb22.php/
14https://www.trecikat.com/
15https://github.com/chuzhumin98/Chuweb21D
16https://catalog.ldc.upenn.edu/LDC2008T19
17https://trec.nist.gov/data/wapost/
18https://microsoft.github.io/msmarco/
19https://microsoft.github.io/msmarco/TREC-Deep-Learning.html
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<?xml version="1.0" encoding="UTF-8"?>¬
<topic>¬

<identifier>41</identifier>¬
¬
<title lang="en">Pesticides in Baby Food</title>¬
<title lang="fr">Des pesticides dans la nourriture pour bébés</title>¬
<title lang="it">Pesticidi negli alimenti per bambini</title>¬
<title lang="ru">Пестициды в детском питании</title>¬
<title lang="zh">䊟㱾ᷣߝӾํތ䵷恝㴫</title>¬
<title lang="ja">ϦϠЄϢЄϖӾ΄የᡩਸ਼ᴠᴻ㴊</title>¬
<title lang="th">ยาฆ่าแมลง ใน อาหาร เด็กอ่อน</title>¬
<title lang="so">Sunta cayayaanka ee Cuntada Ilmaha</title>¬
<title lang="sw">Dawa za kuulia wadudu katika Chakula cha Mtoto</title>¬

¬
<description lang="en">Find reports on pesticides in baby food.</description>¬
<description lang="fr">¬

Rechercher des documents sur les pesticides dans la nourriture pour bébés.¬
</description>¬
<description lang="it">¬

Trova documenti che parlano dei pesticidi negli alimenti per bambini.¬
</description>¬
<description lang="ru">Найти статьи о пестицидах в детском питании</description>¬
<description lang="zh">ັ扇ํ橕䊟㱾ᷣߝӾํތ䵷恝㴫ጱ䁭䌙̶</description>¬
<description lang="ja">ϦϠЄϢЄϖӾ΄የᡩਸ਼ᴠᴻ㴊΁樛ͯΡ懿ԪΨറͭ͵̶͚</description>¬
<description lang="th">หา รายงาน ที ่เกี่ยวข้อง กับ ยาฆ่าแมลง ใน อาหาร เด็กอ่อน</description>¬
<description lang="so">Hel wargelinada sunta cayayaanka ee cuntada ilmaha.</description>¬
<description lang="sw">¬

Pata ripoti kuhusu dawa za kuulia wadudu katika chakula cha mtoto.¬
</description>¬

¬
<narrative lang="en">¬

Relevant documents give information on the discovery of pesticides in baby food. ¬
They report on different brands, supermarkets, and companies selling baby food ¬
which contains pesticides. They also discuss measures against the contamination ¬
of baby food by pesticides.¬

</narrative>¬
<narrative lang="fr">¬

Les documents pertinents informent sur la découverte de pesticides dans la ¬
nourriture pour bébés. Ils contiennent des informations sur les différentes ¬
marques, les supermarchés et les firmes ayant mis en vente de la nourriture pour ¬
bébés renfermant des pesticides. Ils relatent également les mesures prises contre ¬
la contamination de la nourriture pour bébés par les pesticides.¬

</narrative>¬
<narrative lang="it">¬

I documenti rilevanti forniscono informazioni sulla scoperta di pesticidi nei ¬
cibi per bambini. Riportano i diversi marchi, i supermercati e le ditte che hanno ¬
venduto alimenti per bambini con i pesticidi. Sono anche rilevanti i documenti ¬
che discutono le misure contro la contaminazione degli alimenti per bambini con ¬
i pesticidi.¬

</narrative>¬
</topic>¬

Fig. 4. Example of topic from the CLEF multilingual collection.

systems depends on the used evaluation measure, the magnitude of the difference in the scores,
and the number of topics, being 25 topics a bare minimum [58, 412]. Sanderson and Zobel [348]
then showed that 25 topics are definitely not enough and, later on, Voorhees [406] reported that
even 50 topics may be not enough to draw strong conclusions. Finally, Sakai [338] has proposed a
statistically-grounded method to determine how many topics are needed to meet a set of targeted
statistical requirements.

2.4 Pooling
When creating experimental collections a question immediately arises: how to perform relevance
assessment? Even if one of the “holy grails” of the field is to perform relevance assessment in an
automatic way [325], it substantially remains a human task where an assessor needs to inspect
each document and to decide whether or not and/or to what extent that document is relevant for
the topic at hand. Given the size of the document corpora, it is clearly infeasible to assess each
document in the corpus with respect to a given topic; even more, when you consider that the
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process should be repeated for each topic in the collection. Therefore, some sampling techniques
are needed to select a manageable subset of documents to be actually inspected by an assessor.
Unfortunately, uniform sampling would not work because there usually are very few relevant
documents for a topic with respect to the corpus size and you would need to sample way too many
documents to obtain a reasonable fraction of the relevant ones.
Figure 5 shows the traditional top-k pooling, which is built as follows: (1) the threshold 𝑘 is

fixed ahead (typically 𝑘 = 100); (2) the top 𝑘 documents from each run are selected; (3) duplicated
documents are removed. This constitutes the pool of documents which will be actually judged by
the human assessors for a given topic. The same procedure is repeated for each topic in order to
create the overall pool. It is assumed that documents which are not pooled, i.e., those below the
threshold 𝑘 , are not relevant, even if they are not actually judged by an assessor. This assumption
ensures that documents which are retrieved by one run, but not actually judged, have a relevance
assessment anyway, making it possible to compute the performance score for the run.
Pooling represents a further motivation for conducting experimental evaluation in large-scale

evaluation campaigns. To obtain a good quality pool, you need a good number of diverse runs, where
diverse means that there is a small overlap between runs and they retrieve different documents. In
this way, the pool will contain different documents and this will increase the probability of sampling
a good fraction of all the existing relevant documents for that topic. In turn, having (almost) all the
relevant documents for a topic in the pool will allow an accurate and reliable scoring of system
performance and comparison among IR systems.
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But what does a good quality pool mean? Experimental collections are demanding resources
to be created and you wish to re-use them also beyond the specific campaign cycle where they
have been created. This means that you wish to use them to evaluate IR systems which have not
participated in that campaign cycle and which have not taken part in the pooling process, i.e.,
whose documents are (potentially) not part of the pool. Therefore, a good quality pool should
not be biased towards systems whose documents were included in the pool and it should allow a
robust comparison of IR systems even if they did not participate in the pooling process, reliably
determining which one is better in both cases. Zobel [435] has shown that top-k pooling is a robust
approach for this purpose.
On the other hand, Rashidi et al. [316] have shown that IR evaluation measures (see Section 3),

especially those based on the recall base, could be fragile in case of judgment errors, leading to
changes in how systems are ordered by their performance.

2.5 Crowdsourcing
One of the main drawbacks of the traditional pooling approach is to be extremely demanding in
terms of resources needed to perform it. Reading and judging documents is a lengthy process and
you need to hire assessors who are often professionals – in the early days of TREC they were
retired CIA analysts for their expertise in seeking for specific information through huge amounts
of documents – thus making relevance assessment a quite costly effort.
Crowdsourcing [11, 12, 233, 247, 270] has emerged as a viable option for relevance assessment

since it allows to quickly gather judgments from crowd-assessors and even to cheaply collect
multiple assessments for each document. However, it raises many questions regarding the quality
of the collected assessments since crowd-assessors may not have the same expertise as professional
assessors and may not pay the same level of care in performing the task. Therefore, in order to
obtain relevance assessments good enough to be used for evaluation purposes, the possibility of
discarding low quality crowd-assessors and/or combining them with more or less sophisticated
algorithms has been considered.

Research in crowdsourcing has focused on several different issues: aggregating labels from mul-
tiple assessors to improve the quality of the gathered assessments, by using unsupervised [34, 206],
supervised [306, 318, 319], and hybrid [191] approaches; behavioural aspects [184, 185, 227]; proper
and careful design of Human Intelligent Tasks (HITs) [10, 179, 210, 226], also using gamification
to improve quality [124] and game theory to increase crowd-assessors engagement [290] and
judgement quality [289]; routing tasks to proper crowd-assessors [220, 246], as well as the effect of
relevance scales on relevance judgments made by crowd-workers [324].

The problem of merging multiple crowd-assessors has been addressed mostly from a classification
point of view, i.e., choosing among the set of possible relevance assessments (labels) those best
supported by the evidence provided by the crowd-assessors. In detail, traditional approaches
typically determine the “best” relevance assessment, combining those produced by multiple crowd-
assessors according to some criteria, use them to compute an evaluation measure, and score IR
systems. We call this an upstream approach, because the aggregated relevance assessments are
created before systems are evaluated and performance scores are computed.
The most common, and still very effective, of these family of upstream approaches is Majority

Vote (MV) [382]: it assigns to each document the most popular assessment among those expressed
by crowd-assessors; to deal with variable quality workers, several weighted versions of MV have
been proposed, e.g., [388]. Expectation Maximization (EM) [34, 206] addresses the problem in a
probabilistic way, by iteratively estimating the probability of relevance of each document and then
by assigning it the most probable assessment. Ferrante et al. [138, 144] have proposed a stochastic
vision to relevance assessment, where each relevance judgement is a binomial random variable

, Vol. 1, No. 1, Article . Publication date: September 2024.



Evaluation of IR Systems 11

whose expectation 𝑝 indicates the quantity of relevance assigned to a document. They leveraged this
vision to define a Binomial Majority Vote (BMV) strategy, where the merged amount of relevance of
each topic/document pair is estimated from the observed values of the binomial random variables
associated to each crowd-assessor.

Gaussian Processes are another technique adopted tomerge and denoise crowd-workers data [251,
252, 330] by assuming that the label generation process can be represented through a probabilistic
graphical model which allows for learning latent true labels from the observed crowd labels.

On a different stance, Ferrante et al. [142] proposedAssessor-drivenWeighted Averages for Retrieval
Evaluation (AWARE), a new downstream approach. AWARE is motivated by the observation that
upstream approaches, e.g., MV, choose the “best” relevance assessment ahead, at the pool level,
disregarding how this choice may affect different IR systems and evaluation measures. For example,
consider two systems that retrieve the same document but at different rank positions. Then, a
correct or wrong label for this document will affect the performance of these two systems in
different ways. Moreover, IR evaluation measures score systems differently, depending on how
the measure weights the relevance of a document, its rank position, and so on (see Section 3). For
example, a mislabelled document at rank position 10, can have different effects depending on the
user model underlying the evaluation measure (see Sections 3 and 5). If a measure assumes a patient
user who goes deeply in the ranking, the mislabelled document will affect the measure score to a
possibly great extent. On the other side, if a measure consider an impatient users, that examines
documents up to rank position 3 (e.g., with a mobile screen), then the mislabelled document at
position 10 will not have an impact on the measure score. As a consequence, even a small assessment
error over a whole pool of documents may affect IR systems and evaluation measures in quite
different ways. AWARE addresses these issues with a probabilistic downstream framework, which
works as follows. First, evaluation measures are computed with respect to relevance assessments
from each crowd-assessor, this happens without merging relevance assessments as in upstream
approaches. Then, the measure scores, computed from each crowd-assessor separately, are merged
by optimizing parameters that account for both the systems and the measures under consideration.

2.6 Multi-armed Bandits
Both traditional top-𝑘 pooling and crowdsourcing approaches assume that the pool of documents is
prepared ahead, according to some sampling strategy, afterwards the assessors, being them experts
or crowd-workers, judge the documents in the pool. In both cases, the depth 𝑘 of the pool (or any
other sampling parameter) depends on the trade-off between finding as many relevant documents
as possible and the resources (time and effort) available for ground-truth creation. In general, the
higher the value for 𝑘 , the higher the chance of finding more relevant documents but this can also
sensibly increase the total size of the pool and thus the resources required to judge its documents.

An alternative which is emerging recently is to adaptively select which is the next document to
be judged in such a way that maximizes the total number of relevant documents found, given a
fixed amount of resources for carrying out the relevant assessment. Indeed, not all the runs are
equally good in contributing relevant documents to the pool and sampling the same number of
documents from all the runs, as it happens with top-𝑘 pooling, may waste resources in assessing
not relevant documents. On the contrary, we would like to sample more documents from those
runs with an higher chance of contributing relevant documents.

Multi-armed bandits [365] are a reinforcement learning problem where you have a fixed amount
of resources and you can pick from a set of alternative choices in order to maximize some gain.
The name armed bandits comes from gambling: the player is in front of a row of slot machines,
also called one-armed bandits, and she/he has to decide which one to play, i.e., which lever (arm) to
pull. The goal of the gambler is to maximize the amount of money won, given her/his fixed budget.
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To this end, the gambler has to decide how many times to play with a machine (exploitation) and
when to try a different machine (exploration) based on the estimate of the expected payoff from
each machine.
This corresponds to an algorithm with 𝐾 possible actions, i.e., the arms, to choose from and 𝑇

rounds to perform, i.e., the limited resources. In each round, the algorithm picks an action and
this produces a reward, which comes from an unknown distribution depending on the chosen
action. Round after round, the algorithm estimates such distribution better and better thanks to
the collected rewards. However, the algorithm is challenged with an exploitation vs exploration
trade-off: if it always picks the same action, how does it know if another action would be more
rewarding? Therefore, in some rounds it has to pick the same action (exploitation) but in some
other rounds it has to try another action (exploration), relying on the estimates of the unknown
distributions and in such a way that maximizes the total gain at the end of the 𝑇 rounds.
Losada et al. [259, 260] applied multi-armed bandits approaches to the construction of a pool.

Each run represents a one-armed bandit and, at each round, the algorithm has to decide from
which run to pick the next document to be assessed; the reward is whether the chosen document is
relevant or not; the fixed amount of resources is the number of rounds, i.e., the total number of
documents to be pooled.
Bandits approaches may suffer from some issues. They may lack diversity, i.e., they may keep

picking documents from the same run, favoring exploitation over exploration, if that run contains
many relevant document. Even if this may maximise the total number of relevant documents found,
this may also introduce bias in the pool. Indeed, as discussed in Section 2.4, relevant documents
coming from different runs are preferable because they make the pool more robust and fair also
for runs which have not participated in the pool. Bandits methods may also penalize “slow-start”
runs, i.e., those runs which do not immediately retrieve relevant documents in the top ranks
positions but may be able to retrieve many of them in slightly lower ranks. In this respect, Voorhees
[407] adopted multi-armed bandits approaches in the construction of the TREC CORE 2017; she
concluded that the greedy approach common to most bandit methods can be unfair even to the runs
participating in the collection-building process when the judgment budget is small relative to the
(unknown) number of relevant documents. A study by Lipani et al. [256] compares many traditional
and adaptive pooling strategies in order to determine not only which one is the most effective in
maximising the total number of relevant documents but also which one is the less biased, leading to
more reusable experimental collections. Otero et al. [301] studied the effectiveness of multi-armed
bandits approaches from a different point of view, i.e. their impact on the statistically significant
differences among systems, in order to be able to more reliably ansewer the question “is system A
significantly better than system B?”.

Multi-armed bandits approaches are not limited to pooling strategies but they can also be used in
crowdsourcing. Indeed, as discussed in the previous section, to ensure the quality of the collected
relevance judgments, the same HIT, i.e., a (topic, document) pair, is judged by more crowd-workers.
How many crowd-workers for each HIT is typically decided ahead but this might be a not optimal
allocation of resources. Indeed, some pairs may be easier to assess than others, e.g., the document
(url) www.facebook.com for the query facebook, and they may require less crowd-workers to
ensure a high quality judgement. Therefore, also in this case, we are faced with a quality/cost
trade-off that can be suitably modeled as an exploration/exploitation trade-off with multi-armed
bandits. In this context, Abraham et al. [2] have proposed an algorithm, based on multi-armed
bandits approaches, to dynamically decide when to stop assigning crowd-workers to a HIT, i.e.,
when the quality of the judgement is satisfactory, showing that the proposed algorithm performs
significantly better than assigning the same number of crowd-workers to each HIT.
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3 EVALUATION MEASURES
As it emerges from the discussion in the previous section, offline evaluation abstracts away many
details of how and why users interact with IR systems in real settings, in order to provide a very
controlled environment which allows for repeatedly running experiments in a replicable way. In
this context, evaluation measures not only quantify the effectiveness of IR systems, but they also
bring back some notion of user by embedding the so-called user models, which provide an abridged
template of the user behaviour when scanning and interacting with the ranked result list. Therefore,
it becomes crucial how much realistic such user models are, since they shape how close to actual
users we are in quantifying IR system performance.

Carterette [67] pointed out that model-based measures are actually composed from three distinct
underlying models:

(1) a browsing model that describes how a user interacts with results;
(2) a model of document utility, describing how a user derives utility from individual relevant

documents;
(3) a utility accumulation model that describes how a user accumulates utility in the course of

browsing.

Carterette considers as browsing model that of a user scanning down ranked results one-by-one
and stopping at some rank 𝑘 and, therefore, he models the probability distribution of the stopping
rank. As a model of document utility, he makes use of binary or graded relevance judgments. Finally,
the utility accumulation model depends on the actual evaluation measure.

As an alternative, Moffat et al. [285, 286, 287] proposed the C/W/L framework, and its extensions,
as a theoretically principled approach to describe and design IR evaluation measures, where𝑊 is a
probability distribution of weights for each rank position, 𝐶 is the conditional probability that the
users continues scanning from rank 𝑖 to 𝑖 + 1, and 𝐿 is the probability that the 𝑖-th document in the
ranking is the last one observed by the user.

3.1 Precision and Recall
Precision and Recall are two fundamental measures in IR since its inception [398], where Precision
is the the proportion of retrieved documents that are actually relevant, while Recall is the the pro-
portion of relevant documents actually retrieved. Together, Precision and Recall measure retrieval
effectiveness, meant as the ability of a system to retrieve relevant documents while at the same
time holding back non-relevant ones, and they capture the trade-off between retrieving the more
relevant documents possible (Recall) and rejecting not relevant ones (Precision). As observed by
van Rijsbergen [400], maximizing Precision and Recall corresponds to optimal retrieval in the sense
of the Probability Ranking Principle, i.e., ordering documents by their decreasing probability of
being relevant. This connection between Precision/Recall and optimal retrieval creates a tight link
between retrieval models and evaluation.

Figure 6 shows the relation between relevant and retrieved documents in the corpus of documents.
The set of relevant documents 𝐴 is the set of relevance assessments of the experimental collection.
The set of retrieved documents 𝐵 is what in Figure 1 is called a run. Eq. (1) defines Precision and
Recall in terms of the sets shown in Figure 6.

𝑃 =
|𝐴 ∩ 𝐵 |
|𝐵 |

𝑅 =
|𝐴 ∩ 𝐵 |
|𝐴|

(1)
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Fig. 7. Example of computation of binary evaluation measures for a single run.

Precision and Recall are set-based evaluation measures, meaning that they do not consider the
ranking of documents produced by a system but just which documents are retrieved. In this respect
there is no browsing model in the sense of Carterette because it is like if the user inspects the whole
list in one single shot. Precision and Recall are binary measures and, thus, the document utility
model is to consider 0 for not relevant documents and 1 for relevant ones (in case of graded relevance
1 for whatever above not relevant). Precision and Recall rely on the cardinality of the different sets
involved and, thus, the utility accumulation model is just counting how many documents there are
in the different sets.
Note that Recall requires to know |𝐴|, i.e., the total number of relevant documents for a topic,

and this is more a sort of assumption rather than something we can really know exactly. Indeed, if
you consider how pooling happens and relevance assessment is performed, we can just have an
estimate of |𝐴| and the better this estimate the better the quality of the pool we created.
Figure 7 shows an example of how to compute Precision and Recall for a single run. Assume

that: the run retrieves 10 documents, i.e., |𝐵 | = 10; there are 8 relevant documents for this topic, i.e.,
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|𝐴| = 8; and, 4 documents retrieved by the run are relevant, i.e., |𝐴 ∩ 𝐵 | = 4. Therefore, we have:

𝑃 =
4
10

= 0.40

𝑅 =
4
8
= 0.50

We can adopt a rank-based view to Precision and Recall by computing them at a given document
cut-off value 𝑘 :

𝑃 (𝑘) = 1
𝑘

𝑘∑︁
𝑖=1

𝑟𝑡 [𝑖]

𝑅(𝑘) = 1
𝑅𝐵

𝑘∑︁
𝑖=1

𝑟𝑡 [𝑖]

(2)

where 𝑟𝑡 [𝑖] ∈ {0, 1} is the relevance degree of the 𝑖-th document in the run and 𝑅𝐵 = |𝐴| is the
so-called recall base, i.e., the total number of relevant documents for a topic.
If we go back to the example of Figure 7, we obtain that:

𝑃 (5) = 3
5
= 0.600

𝑅(5) = 3
8
= 0.375

We can introduce also the Rprec measure, which corresponds to 𝑃 (𝑅𝐵), i.e., Precision computed
at a document cut-off equal to the recall base. Note that 𝑘 = 𝑅𝐵 is the rank position at which it
is possible to achieve perfect retrieval, since the system had enough rank positions to potentially
retrieve all the relevant documents, and it is also the rank position at which 𝑃 (𝑅𝐵) = 𝑅(𝑅𝐵). In our
example we have that 𝑅𝑝𝑟𝑒𝑐 = 𝑃 (8) = 4

8 = 0.50.

3.2 Precision-Recall Curve and Interpolated Precision
Let us consider the two runs shown in Figure 8 and let us assume that 𝑅𝐵 = 5. If we go step-by-step
from the top to the bottom rank position, we can compute 𝑃 (𝑘) and 𝑅(𝑘) for each rank position
and plot them in the so-called precision-recall curve. This curve allow us to determine which level
of Precision we achieved at a given level of Recall, abstracting from the specific rank positions. For
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Fig. 9. Example of interpolated Precision at standard Recall values curve for the runs of Figure 8.

example, we can see that Run1 achieved 60% of Precision at the 60% of Recall. If we consider that
maximizing Precision and Recall corresponds to optimal retrieval [400], we can understand the
importance of the precision-recall curve and how the Area Under the Curve (AUC) is an indicator of
the overall effectiveness of an IR system. Indeed, the greater the AUC, the better the performance
of the system.
Unfortunately, the precision-recall curve has this typical saw-tooth shape where we may have

multiple Precision values for the same Recall value as, for example, it happens for Run1 at 60% of
Recall. Moreover, it may be difficult to compare runs because they may not have the same Recall
values; for example, Run2 does not have a Precision value for 0% of Recall as Run1 does instead.

For all these reasons, Precision is interpolated as follows:

𝑖𝑃 (𝑅 𝑗 ) = max
𝑅≥𝑅 𝑗

𝑃 (𝑅) (3)

where, for a given standard Recall value 𝑅 𝑗 , the interpolated precision 𝑖𝑃 is the maximum Precision
obtained for any actual Recall value 𝑅 greater than or equal to 𝑅 𝑗 . The typical standard Recall
values correspond to 11 points: 𝑅 𝑗 ∈ {0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}.

Figure 9 shows how the interpolated precision at standard recall values curve looks for the runs
of Figure 8. × and + markers are used to show the values of 𝑖𝑃 at the 11 standard recall values
for Run1 and Run2, respectively. For example, in the case of Run1 there is no precision value for
𝑅 = 0.3; the maximum precision value for a recall 𝑅 ≥ 0.3 is 𝑃 = 0.66 which happens at 𝑅 = 0.4
(rank positions 3 and 4); therefore, the interpolated precision is 𝑖𝑃 = 0.66 for 𝑅 = 0.3.

Figure 10 shows the interpolated precision at standard recall values curve in the case of real
runs submitted to the CLEF 2009 Adhoc Persian track [153]. The figure shows the typical inverse
relationship between Precision and Recall which well captures the trade-off at the core of optimal
retrieval and which has been deeply studied [56, 94, 123]. This kind of plots is one of the most
widely used to compare the performance of IR systems.
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Fig. 10. Interpolated Precision at standard Recall values curve for the top runs of CLEF 2009 Adhoc Persian
track, taken from [153].

3.3 Average Precision
As discussed in Section 3.1, the goal of a good IR system is to jointly optimize Precision and Recall.
However, Precision and Recall are set based, thus their main limitation is that they account solely
for the proportion of relevant documents retrieved and not the rank positions where relevant
documents are actually retrieved. Average Precision (AP) aims at addressing this issue, while at the
same time optimizing Precision and Recall. AP is defined as follows:

𝐴𝑃 =
1
𝑅𝐵

∑︁
𝑘∈R

𝑃 (𝑘) =

=
1
𝑅𝐵

𝑁∑︁
𝑛=1

(
1
𝑛

𝑛∑︁
𝑚=1

𝑟𝑡 [𝑚]
)
𝑟𝑡 [𝑛] =

𝑟𝑟

𝑅𝐵︸︷︷︸
Recall

· 1
𝑟𝑟

∑︁
𝑘∈R

𝑃 (𝑘)︸        ︷︷        ︸
arithmetic mean of 𝑃 (𝑘 )

(4)

where R is the set of the rank positions of the relevant retrieved documents; 𝑟𝑟 = |R | is the total
number of relevant retrieved documents (|𝐴∩𝐵 | in Figure 6); and, 𝑁 is the total number of retrieved
documents, i.e., the length of the run.
The original definition of AP by Buckley and Voorhees [60] is to be the sum of the Precision

achieved at each relevant retrieved document (𝑘 ∈ R) averaged by the recall base, as shown in the
first row of Eq. (4). The motivation behind AP is to provide a single-score summary for the overall
effectiveness of an IR system, since it is known to also correspond to the AUC, very conveniently
summarizing the whole precision-recall curve. If we look at the second row of Eq. (4), we can
observe that AP is actually given by the aritmetic mean of the Precision achieved at each relevant
retrieved document times the Recall achieved by the system; this let us further understand how it
fully embeds the precision-recall trade-off and in which sense it can be an average.

If we go back to the example of Figure 7, AP is computed as follows

𝐴𝑃 =
1
𝑅𝐵

(
𝑃 (1) + 𝑃 (3) + 𝑃 (4) + 𝑃 (8)

)
=
1
8

(
1 + 2

3
+ 3
4
+ 4
8

)
=
35
96

= 0.36
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Mean Average Precision (MAP) is the arithmetic mean of AP over the set of topics. Differently
from the other measures, this mean has its own name since it is the most widely used single number
to summarise the whole performance of a system and to compare systems.

AP represents the “gold standard” measure in IR [427], known to be stable [58] and informa-
tive [27], with a natural top-heavy bias20 and an underlying theoretical basis as approximation of
the AUC. Nevertheless, due to its dependence on the recall base, it assumes a perfect knowledge
of the relevance of each document in the collection, which is an approximation when pooling
is adopted and not assessed documents are assumed to be not relevant [187], and is even more
exacerbated in the case of large scale or dynamic collections [59, 427].
However, the strongest criticism to AP comes from the absence of a convincing user model for

it, a feature which is deemed extremely important in order to make the interpretation of a measure
meaningful and to bridge the gap between system-oriented and user-oriented studies [67, 287, 368].
In this respect, Moffat and Zobel [288] argued that the model behind AP is abstract, complex, and
far from the real behavior of users interacting with an IR system, especially when it comes to its
dependence on the recall base which is something actually unknown to real users. As a consequence,
Robertson [322] proposed a simple but somehow plausible user model for AP, which allows for a
mix of different behaviors in the population of users.

3.4 Discounted Cumulated Gain
When Järvelin and Kekäläinen [214] proposed Discounted Cumulated Gain (DCG), it was an inno-
vative measure for several reasons:

(1) it relied on graded relevance instead of binary relevance. The document utility model is able
to distinguish between different types of relevant documents and to accrue different levels of
utility from them;

(2) it relied on an explicit browsing model of a user. The browsing model considers a user that
sequentially scans the ranked result list from the top to the bottom;

(3) it relied on an utility accumulation model, where the utility provided by a document is
discounted proportionally to the rank position at which that document is retrieved. The
underlying idea is that a relevant document retrieved at the top of the ranking can be more
useful to the user than, the same document retrieved at the bottom of the ranking.

DCG is defined as follows:

𝐷𝐶𝐺 (𝑘) =
{∑𝑘

𝑖=1 𝑟𝑡 [𝑖] if 𝑖 < 𝑏
𝐷𝐶𝐺 (𝑘 − 1) + 𝑟𝑡 [𝑘 ]

log𝑏 (𝑘 )
if 𝑘 ≥ 𝑏

=

𝑘∑︁
𝑖=1

𝑟𝑡 [𝑖]
max(1, log𝑏 (𝑘))

(5)

where 𝑏 is the base of the logarithm used for discounting. As you can note from Eq. (5), DCG does
not apply the discount for rank positions below the logarithm base; for this reason the logarithm
base is often interpreted as the patience of the user, where 𝑏 = 2 models an impatient user and
𝑏 = 10 a patient one21. The original formulation of DCG by Järvelin and Kekäläinen uses a recursive
definition, as shown in the first row of Eq. (5). In the second row of Eq. (5) we provide an alternative
and iterative definition, which is more convenient for computation.

20A top-heavy measure is a measure which rewards more the relevant documents retrieved in the top rank positions.
21Log base 𝑏 = 2 is considered an impatient users since she/he starts discounting documents, i.e., valuing them less, as early
as the second rank position.
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Fig. 11. Example of computation of graded evaluation measures for a single run.

Figure 11 shows an example on how to compute DCG for a single run. Assume that the run
retrieves 10 documents, whose relevance degrees are indicated in the figure, and 𝑏 = 2, i.e., an
impatient user. DCG is given by:

𝐷𝐶𝐺 = 3 + 1
log2 (3)

+ 2
log2 (4)

+ 2
log2 (8)

= 5.2976

While being intuitive to use, DCG suffers from the limitation of not being normalized in a specific
range. This makes the measure scores hard to interpret. For example, it is not clear if DCG = 5.3
above represents a good or bad performance score. In order to normalize DCG, we need to consider
the so-called ideal run, i.e., the run generated by ranking all the relevant documents in the pool in
decreasing order of their relevance (the rightmost run of Figure 11, assuming 8 relevant documents
in the pool). The Normalized Discounted Cumulated Gain (nDCG) is defined as

𝑛𝐷𝐶𝐺 (𝑘) = 𝐷𝐶𝐺 (𝑘)
𝑖𝐷𝐶𝐺 (𝑘) (6)

where 𝑖𝐷𝐶𝐺 is the DCG score of the ideal run.
In our example, we obtain:

𝐷𝐶𝐺 = 5.2976
𝑖𝐷𝐶𝐺 = 10.1996
𝑛𝐷𝐶𝐺 = 0.5194

Note that while DCG is independent from the recall base, a somewhat desirable property for an
evaluation measure, nDCG is not, since the ideal run is a materialization of the recall base.

Measures for Other Retrieval Tasks
The IR measures described in the previous sections are among the most commonly used measures
and they are designed primarily for ad-hoc retrieval tasks, i.e. returning a list of possibly relevant
documents in response to a user query, but they are often used also in other contexts, e.g. DCG is a
measure very commonly used also for Recommender Systems (RSs).

Nevertheless, there are many other measures which have been developed with specific tasks in
mind, among which particularly worth of mention are diversity and fairness.
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Diversity is concerned with how good are retrieval results at representing different angles of a
topic and it plays a quite important role inWeb search; a typical example is the query “jaguar” which
may concern both the jaguar animal and the jaguar car brand. Note that there is a difference between
diversity and novelty, even if they are often treated together, as outlined by Clarke et al. [88, p. 659]:
novelty is the need to avoid redundancy while diversity is the need to resolve ambiguity. Widely
used measures for diversity are: 𝛼-nDCG [88], which focuses more on novelty; nDCG-IA [6] and
D-measure [343], which focus on the different intents behind a query. For a more comprehensive
discussion on measures for diversity, please see, Wu et al. [425] and Kunaver and Požrl [241].
Fairness is generally understood as treating users, results, items which are alike in a similar

way and it can be studied either for individual users/items/results or for groups of them. Widely
used measures for fairness are based on: pair-wise parity [426], ensuring that the proportion of
protected candidatesmatches a target distribution [430], exposure [118, 362], equity of attention [40],
dissatisfaction [128], and quantification [127]. For a more comprehensive discussion on measures
for fairness, please see, Zehlike et al. [431, 432], Rampisela et al. [315], Amigó et al. [15], and Rai
and Ekstrand [314].

4 STATISTICAL SIGNIFICANCE TESTING
Statistical significance testing [159, 248, 295] plays a fundamental role in experimental evaluation
since it provides us with the means to properly assess differences among compared systems and to
understand when they actually matter.

In the early days of IR, the use of significance testing was not so widespread, mostly because IR
experimental data do not fully match the assumptions of such tests, as pointed out by Saracevic [349]
and van Rijsbergen [399]. In absence of such testing, Spärck Jones [371] proposed a famous rule-of-
thumb about absolute differences among systems: differences less than 5% should be discarded, in the
range of 5%−10% are to be considered noticeable, and above 10% they arematerial. Several years later,
Hull [208] showed that departing from the assumptions behind significance test was not impairing
the inferences and conclusion drawn and, thus, it should not have prevented their application to IR
experimental data. Tague-Sutcliffe and Blustein [379] report one of the first systematic applications
of significance testing to the analysis and comparison of the runs submitted to TREC. Since then
the use and study of which significance tests to adopt in IR increased [68, 352, 366], as summarized
by Sakai [335] in a brief history of significance in IR.

However, much has still do be done to achieve a widespread and systematic adoption in IR exper-
imental practice. Sanderson and Zobel [348] surveyed 26 papers from the ACM SIGIR conference
in 2003-04 and found that 14 papers (61%) did not explicitly state if a significance test was used
or failed to name the test; six of the 26 (23%) reported small experimental differences that most
likely needed a significance test or another type of statistical method to examine the difference
further. Later, Sakai [337] surveyed over 850 papers (drawn from SIGIR and TOIS) and found that
around 30% failed to report any form of significance test (or other techniques such as confidence
intervals). We can only stress the importance of always applying proper statistical techniques and
significance testing at the analysis of your experimental results.
Sakai [339] provides an updated account on how to apply statistical significance testing in IR

experimentation. There are many significance tests that can be used, among which:

• Sign Test [173] is a non parametric test which looks at the signs of the differences among
two paired samples 𝑥𝑖 and 𝑦𝑖 ; the null hypothesis is that the median of the differences is zero.
It can be used to compare two systems.
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• Wilcoxon Rank Sum Test (or Mann-Whitney U Test) [173, 424] is a non parametric test
which looks at the ranks of two paired samples 𝑥𝑖 and 𝑦𝑖 ; the null hypothesis is that the two
samples have the same median. It can be used to compare two systems.
• Wilcoxon Signed Rank Test [173, 424] is a non parametric test which looks at the signs
and ranks of the differences among two paired samples 𝑥𝑖 and 𝑦𝑖 ; the null hypothesis is that
the median of the differences is zero. It can be used to compare two systems.
• Randomization Test [122, 160] is a non parametric test for the null hypothesis that two
samples come from the same distribution and requires random resampling of the data to
compute the test statistics. It can be used to compare two systems.
• Student’s t Test [376] is a parametric test for the null hypothesis that two paired samples 𝑥𝑖
and 𝑦𝑖 come from a normal distribution with same mean and unknown variance. It can be
used to compare two systems.
• ANOVA [159, 242] is a parametric test for the null hypothesis that 𝑞 samples come from a
normal distribution with same mean and unknown variance. It can be used to compare two
or more systems.
• Kruskal-Wallis Test [173, 239] is a nonparametric version of the one-way ANOVA for the
null hypothesis that 𝑞 samples come from a distribution with same median. It is based on the
ranks of the different samples and it can be considered as an extension of the Wilcoxon rank
sum test to the comparison of multiple systems at the same time. It can be used to compare
two or more systems.
• Friedman Test [164, 165, 173] is a nonparametric version of the two-way ANOVA for the
null hypothesis that the effects of the 𝑞 samples are the same. It is based on the ranks of the
different samples. It can be used to compare two or more systems.

The analysis of Sakai [337] showed that, of those papers using a test, the t-test was found to
be dominant with the Wilcoxon, sign, bootstrap, and randomisation tests accounting for the vast
majority of tests used. However, Sakai found that the surveyed papers provided little justification
for test selection. Again, we can only underline the need for motivating the choice of a specific
significance test and this should be made before conducting the experiment and not afterwards,
picking the significance test which gives us the most favorable outcomes.

In this section, we will present ANOVA, which is a very robust and powerful analysis procedure.
Tague-Sutcliffe and Blustein [379] were the first to use ANOVA to analyse TREC data and also
Zobel [435] reported its adoption. Recently, there is a revamped interest on how to exploit ANOVA
within IR experimentation to better model effectiveness and determine significance. Voorhees
et al. [418] and Ferro et al. [152, 155, 156] have jointly exploited sharding of the document corpus
together with advanced ANOVA models to improve the accuracy in the estimation of significant
differences among systems; Ferro and Sanderson [157] proposed a methodology to conduct a more
comprehensive analysis of the behaviour of a significance test and its trade-offs, applying it to the
ANOVA models previously described. Faggioli et al. [132] have proposed a new methodology for
comparing Query Performance Prediction (QPP) algorithms [66] and accounting for query variants
based on ANOVA.

4.1 Basic Intuition about Statistical Significance Testing
Before going into the details of ANOVA, we provide a basic intuition about what is the problem
addressed by statistical significance tests and how they approach a solution to it.
Consider Figure 12 and assume that we are observing two set of scores with sample mean 𝜇𝑋

and 𝜇𝑌 respectively. In the IR context, the set of scores are the performance scores of two systems
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Fig. 12. The problem addressed by statistical significance testing.

𝑋 and 𝑌 across a set of topics and 𝜇𝑋 and 𝜇𝑌 are the means of those scores, e.g., the MAP of the
two systems.
The problem is to determine whether the observed difference between 𝜇𝑋 and 𝜇𝑌 is due to the

fact that they are two random samples taken from the same distribution or to the fact that they
are two random samples actually coming from two different distributions. In the former case, the
sample means are different just because of the sampling process but the underlying distribution is
the same; in the latter case, they are different because the underlying distributions are different.
We are thus trying to understand from the data whether the population means 𝜇𝑋 and 𝜇𝑌

are equal, i.e., we are talking about the same distribution – and this is called the null hypothesis
𝐻0 : 𝜇𝑋 = 𝜇𝑌 – or whether they are different, i.e., we are talking about two different distributions –
and this is called the alternative hypothesis 𝐻1 : 𝜇𝑋 ≠ 𝜇𝑌 . We say that the observed difference is
statistically significant if the data are unlikely to be a realisation of the null hypothesis with respect
to a chosen threshold 𝛼 , called significance level. In this case we reject the null hypothesis; in the
opposite case, we fail to reject the null hypothesis.

In the case of IR, we are comparing two systems 𝑋 and 𝑌 and, for each of them, we have a sample
of performance scores computed according to some evaluation measures over a set of topics. The
question is whether we observe a difference in the performance of the two systems just because of
the (topic) sampling effect, or because the two systems have indeed different performance. If the
data let us reject the null hypothesis 𝐻0, that the performance distribution of the two systems is
the same, we consider the two systems to be significantly different; otherwise, they are not.
Figure 13 illustrates intuitively how statistical significance tests let us decide whether to reject

or not the null hypothesis 𝐻0. Each test is built around its own test statistic. The distribution of
the test statistic is known under the null hypothesis 𝐻0, i.e., when we assume 𝐻0 to be true. The
significance level 𝛼 allows us to determine a critical value 𝑡𝑐𝑟𝑖𝑡 for the test statistics. When the null
hypothesis 𝐻0 is assumed true, the critical value 𝑡𝑐𝑟𝑖𝑡 corresponds to a probability 𝛼 of observing
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Fig. 13. Rejecting or not the null hypothesis 𝐻0.

values more extreme than 𝑡𝑐𝑟𝑖𝑡 itself. We then compute 𝑡𝑠𝑡𝑎𝑡 , the value of the test statistic from the
actual data. If 𝑡𝑠𝑡𝑎𝑡 is more extreme than 𝑡𝑐𝑟𝑖𝑡 , we reject the null hypothesis 𝐻0.
Indeed, we consider very unlikely (at least with respect to the chosen significance level 𝛼) to

observe that value 𝑡𝑠𝑡𝑎𝑡 of the test statistic when the null hypothesis 𝐻0 is actually true, i.e., when
there are no differences. This means that we “feel confident” in rejecting𝐻0 because we can attribute
that unlikely value of 𝑡𝑠𝑡𝑎𝑡 to an actual difference. How much unlikely? This is the so-called 𝑝-value,
which can be computed from 𝑡𝑠𝑡𝑎𝑡 as the probability of observing a value more extreme than 𝑡𝑠𝑡𝑎𝑡 .
Summing up, we reject the null hypothesis 𝐻0 when 𝑡𝑠𝑡𝑎𝑡 is more extreme than 𝑡𝑐𝑟𝑖𝑡 or, equivalently,
when 𝑝 ≤ 𝛼 .

Figure 13 shows the case of a two-tailed test, i.e., when “more extreme” means that it can be either
“greater than” or “less than” and we attribute half of the probability 𝛼 to each of these cases. This is
the common case in IR when you do not know a-priori which system is better than the other. The
other option is a one-tailed test, when you have a-priori motivations to know that a system can
only be better (if it happens) than another one.

Figure 14 shows the confusion matrix between the truth/falseness of the null hypothesis (rows)
and outcomes of a significance test (columns). We commit a Type I error when we reject the null
hypothesis 𝐻0 while indeed it is true, i.e., when we consider two systems as significantly different
while they are not. The probability of a Type I error is exactly the significance level 𝛼 . Typical
values are 𝛼 = 0.05 or 𝛼 = 0.01; for example, setting 𝛼 = 0.05 means that we accept a 5% chance
of committing a Type I error. What does this 5% chance mean? If we take two random samples
from the same distribution and we perform a significance test over them, we expect to not reject
the null hypothesis since we know that, by construction, these two samples are drawn from the
same distribution. However, if we repeat this procedure 100 times, (on average) in 5 cases we
will reject the null hypothesis anyway, i.e., we will commit a Type I error. Type I errors are false
positives and, in experimentation, you wish to keep their rate controlled since they may have
severe consequences; for example, due to a Type I error you may mistakenly conclude that a drug
is effective for treating a disease when actually it is not.
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Fig. 14. Confusion matrix between the truth/falseness of the null hypothesis (rows) and outcomes of a
significance test (columns).

On the other hand, when the null hypothesis 𝐻0 is false but we fail to reject it, i.e., when two
systems actually are different but we deem them to be not significantly different, we commit a Type
II error. Type II errors are false negatives and they are sort of “missed opportunities”: we could
correctly consider two systems different but we wrongly miss this opportunity. The probability of
a Type II error is 𝛽 and the probability 1 − 𝛽 of not committing Type II errors is called the power of
a statistical significance test. You wish to keep the Type II error rate controlled as well but often in
a less strict way, e.g., typical values are 𝛽 = 0.2.

The discussion so far concerned the comparison of two IR systems but what happens if we need
to compare many of them? In evaluation campaigns and everyday development, it is common
to compare different systems or versions of the same system. Performing multiple comparisons
increases the Type I error probability, i.e., it is easier to reject the null hypothesis when you should
not, as shown in the following:

P
[
No Type I Error

]
= (1 − 𝛼)

P
[
No Type I Errors

]
=

𝑐∏
𝑖=1
(1 − 𝛼) = (1 − 𝛼)𝑐

P
[
At Least One Type I Error

]
= 1 − (1 − 𝛼)𝑐 −→ 1

where 𝑐 is the number of independent comparisons. As 𝑐 increases, the probability that at least one
Type I error occurs tends to 1. As underlined by both Fuhr [168] and Sakai [341], when performing
multiple comparisons, you should always apply a proper correction procedure to ensure to control
the Type I error rate.

4.2 ANalysis Of VAriance
A General Linear Mixed Model (GLMM) [272, 331] explains the variation of a dependent variable
(“Data”) in terms of a controlled variation of independent variables (“Model”) in addition to a
residual uncontrolled variation (“Error”): 𝐷𝑎𝑡𝑎 = 𝑀𝑜𝑑𝑒𝑙 + 𝐸𝑟𝑟𝑜𝑟 .
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The most basic example of GLMM is a simple linear regression, where 𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝜀𝑖 . The
dependent variable 𝑌𝑖 represents the score of the 𝑖-th subject. 𝑌𝑖 is explained (predicted) as a sum
of 3 terms: (1) an intercept 𝛽0; (2) an independent variable 𝑋𝑖 (predictor) times the regression
coefficient 𝛽1, i.e., the slope of the regression line; (3) a residual error 𝜀𝑖 , not explained by the model,
which follows a Gaussian distribution with mean 0.

In GLMM terms, ANalysis Of VAriance (ANOVA) attempts to explain data (the dependent variable
scores) in terms of the experimental conditions (the model) and an error component. Typically,
ANOVA is used to determine under which experimental condition do dependent variable score
means differ and what proportion of variation in the dependent variable can be attributed to
differences between specific experimental groups or conditions, as defined by the independent
variable(s). An ANOVA can be regarded as a particular type of regression analysis that employs
only categorical predictors.

The GLMM regression model is expressed in ANOVA terms as𝑌𝑖 𝑗 = 𝜇+𝛼 𝑗 +𝜀𝑖 𝑗 , where 𝑖 represents
the subject and 𝑗 the experimental condition.𝑌𝑖 𝑗 is the score of the dependent variable computed for
subject 𝑖 with the experimental condition 𝑗 . The parameter 𝜇 is the grand mean of the experimental
condition population means that underlies all subjects’ dependent variable scores. The parameter
𝛼 𝑗 is the effect of the 𝑗-th experimental condition. The random variable 𝜀𝑖 𝑗 is the error term, which
reflects variation due to any uncontrolled source. The above regression model corresponds to
the ANOVA version once you add as many 𝑋𝑖 𝑗 predictors and as many levels as there are in the
experimental condition 𝛼 𝑗 , e.g., by using dummy coding.
For a given model, the ANOVA table summarizes the outcomes of the ANOVA test indicating,

for each factor, the Sum of Squares (SS), the Degrees of Freedom (DF), the Mean Squares (MS), the F
statistics, and the 𝑝-value of that factor, which allows us to determine the significance of that factor.

When it comes to independent variables they can be either fixed effects – i.e., they have precisely
defined levels, and inferences about its effect apply only to those levels – or random effects – i.e.,
they describe a randomly and independently drawn set of levels that represent variation in a clearly
defined wider population. The latter case is more sophisticated because when it estimates the
variance attributed to the different factors, it accounts also for the additional randomness due to
sampling of effect levels.
The experimental design determines how you compute the model and how you estimate its

parameters 𝜇 and 𝛼 𝑗 . In particular, it is possible to have an independent measures design, where
different subjects participate to different experimental conditions (factors), or a repeated measures
design, where each subject participates to all the experimental conditions (factors).

A final distinction is between crossed/factorial designs, where every level of one factor is measured
in combination with every level of the other factors, and nested designs, where levels of a factor
are grouped within each level of another nesting factor.

4.2.1 Estimating the Model. Figure 15 shows the experimental layout for the ANOVA model
reported in equation (7), which is also called a two-way ANOVA since it is constituted by two
factors. This is the typical IR setting where you have a set of topics and a set of systems which
are run against those topics; in ANOVA terms this is a crossed/factorial repeated measures design.
Note that this is the same model used by Banks et al. [33] and Tague-Sutcliffe and Blustein [379] to
analyse TREC data.

For𝑚 topics and 𝑛 systems, the two-way ANOVA is defined as follows:

𝑌𝑖 𝑗 = 𝜇 · · + 𝜏𝑖 + 𝛼 𝑗 + 𝜀𝑖 𝑗 (7)

where: 𝜇 · · is the grand mean; 𝜏𝑖 with 𝑖 = 1, . . . ,𝑚 represents the effect of topics; 𝛼 𝑗 with 𝑗 = 1, . . . , 𝑛
represents the effect of systems; and, 𝜀𝑖 𝑗 is the residual error.
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Fig. 15. Two-way ANOVA model for the topic and system effects.

The model of equation (7) has the following estimators:
• grand mean

𝜇 · · =
1
𝑚𝑛

𝑚∑︁
𝑖=1

𝑛∑︁
𝑗=1

𝑌𝑖 𝑗

• topic marginal mean and topic effect

𝜇𝑖 · =
1
𝑛

𝑛∑︁
𝑗=1

𝑌𝑖 𝑗

𝜏𝑖 = 𝜇𝑖 · − 𝜇 · ·
• system marginal mean and system effect

𝜇 · 𝑗 =
1
𝑚

𝑚∑︁
𝑖=1

𝑌𝑖 𝑗

𝛼 𝑗 = 𝜇 · 𝑗 − 𝜇 · ·
Therefore, the score predicted by the model is

𝑌𝑖 𝑗 = 𝜇 · · + 𝜏𝑖 + 𝛼 𝑗 = 𝜇𝑖 · + 𝜇 · 𝑗 − 𝜇 · ·
and the prediction error is:

𝜀𝑖 𝑗 = 𝑌𝑖 𝑗 − 𝑌𝑖 𝑗 = 𝑌𝑖 𝑗 − (𝜇𝑖 · + 𝜇 · 𝑗 − 𝜇 · ·)

4.2.2 Assessment of the Model. We can compute the Sum of Squares (SS), Degrees of Freedom (DF),
Mean Squares (MS) and F statistics as follows:
• total effects

SSTotal =
𝑚∑︁
𝑖=1

𝑛∑︁
𝑗=1
(𝑌𝑖 𝑗 − 𝜇 · ·)2

dfTotal =𝑚𝑛 − 1

MSTotal =
SSTotal
dfTotal
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• topic effects

SSTopic =
𝑚∑︁
𝑖=1

𝑛∑︁
𝑗=1

𝜏2𝑖 = 𝑛

𝑚∑︁
𝑖=1

𝜏2𝑖 = 𝑛

𝑚∑︁
𝑖=1
(𝜇𝑖 · − 𝜇 · ·)2

dfTopic =𝑚 − 1

MSTopic =
SSTopic
dfTopic

FTopic =
MSTopic
MSError

• system effects

SSSystem =

𝑚∑︁
𝑖=1

𝑛∑︁
𝑗=1

𝛼2𝑗 =𝑚

𝑛∑︁
𝑗=1

𝛼2𝑗 =𝑚

𝑛∑︁
𝑗=1
(𝜇 · 𝑗 − 𝜇 · ·)2

dfSystem = 𝑛 − 1

MSSystem =
SSSystem
dfSystem

FSystem =
MSSystem
MSError

• error effects

SSError =
𝑚∑︁
𝑖=1

𝑛∑︁
𝑗=1

𝜀2𝑖 𝑗 =

𝑚∑︁
𝑖=1

𝑛∑︁
𝑗=1

(
𝑦𝑖 𝑗 − (𝜇𝑖 · + 𝜇 · 𝑗 − 𝜇 · ·)

)2
dfError = (𝑚 − 1) (𝑛 − 1)

MSError =
SSError
dfError

Note that:
SSTotal = SSTopic + SSSystem + SSError

We can then compute the critical value for the F statistics of a factor, i.e., F𝑐𝑟𝑖𝑡 = F(df 𝑓 𝑎𝑐𝑡 ,df𝑒𝑟𝑟 ) ,
and determine its significance if F𝑓 𝑎𝑐𝑡 > F𝑐𝑟𝑖𝑡 ; this allows us also to obtain the 𝑝-value for that
factor.

4.2.3 Effect Size. As the sample size increases, the F statistics tend to increase and the 𝑝-value
tends to decrease. As a consequence, we also consider the effect size of a factor, which accounts
for the amount of variance explained by the model. To do this, we can use the following unbiased
estimator [297, 334]:

𝜔̂2
⟨𝑓 𝑎𝑐𝑡 ⟩ =

df 𝑓 𝑎𝑐𝑡 (F𝑓 𝑎𝑐𝑡 − 1)
df 𝑓 𝑎𝑐𝑡 (F𝑓 𝑎𝑐𝑡 − 1) +𝑚𝑛

(8)

where F𝑓 𝑎𝑐𝑡 is the F-statistic; df 𝑓 𝑎𝑐𝑡 are the degrees of freedom for the factor; and𝑚𝑛 is the total
number of samples, i.e., total number of topics times total number of systems. In this way, we are
able to assess not only if a factor is significant but also how much it matters.

The common rule of thumb [331] when classifying 𝜔̂2
⟨𝑓 𝑎𝑐𝑡 ⟩ effect size is: 0.14 and above is a large

size effect, 0.06–0.14 is a medium size effect, and 0.01–0.06 is a small size effect. Note, 𝜔̂2
⟨𝑓 𝑎𝑐𝑡 ⟩ can be

negative, in such cases it is considered as zero.
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4.2.4 Multiple Comparisons. As discussed above, if one simultaneously compares multiple system
pairs, the probability of committing a Type I error increases. This probability is called the Family-
wise Error Rate (FWER) and is computed as FWER = 1 − (1 − 𝛼)𝑐 , where 𝑐 is the total number of
comparisons to be performed [199, pp. 7–8].
Tukey [394] proposed the Honestly Significant Difference (HSD) test, which creates confidence

intervals for all pairwise differences between factor levels, while controlling the FWER. Two systems
𝑢 and 𝑣 are considered significantly different when:

|𝑡𝑘 | = |𝜇 ·𝑢 − 𝜇 ·𝑣 |√︃
MSError

𝑚

> 𝑄𝛼
𝑛,dfError (9)

where: 𝜇 ·𝑢 and 𝜇 ·𝑣 are the marginal means of the systems 𝑢 and 𝑣 as estimated from the actual
data; dfError are the DF of the error; MSError is the MS of the error, i.e., an estimation of the variance
left unexplained; and 𝑄𝛼

𝑛,dfError
is the upper 100 ∗ (1 − 𝛼)-th percentile of the studentized range

distribution [294];𝑚 is the total number of topics and 𝑛 is the total number of systems.
The test statistic |𝑡𝑘 | allows us to compute the 𝑝-value

𝑝 = P
[
𝑄𝛼
𝑛,dfError ≥ |𝑡𝑘 |

]
(10)

of observing a more extreme value of the Studentized range distribution. We can then compare this
𝑝-value to the desired significance level 𝛼 and, if it is ≤ 𝛼 , the two systems 𝑢 and 𝑣 are significantly
different, still controlling the FWER. Eqs. (9) and (10) are two equivalent ways to perform multiple
comparisons controlling the FWER.

The Tukey HSD test of eq. (9) allows us to define exact confidence intervals for the system main
effects, still controlling the FWER. Hochberg and Tamhane [199] suggest creating a half-width
confidence interval around the marginal mean of a system 𝑢:

𝜇 ·𝑢 ±
1
2
𝑄𝛼
𝑛,dfError

√︂
MSError
𝑚

(11)

Systems 𝑢 and 𝑣 are significantly different, according to the Tukey HSD test of eq. (9), if and only if
their confidence intervals of eq. (11) do not overlap [199, p. 116].
Voorhees et al. [418] adopted a different approach to the multiple comparison problem and

opted for the False Discovery Rate (FDR) control technique proposed by Benjamini and Hochberg
[37]. While FWER controls the probability of making even one Type I error, FDR controls the
proportion of Type I errors. The main benefit of FDR with respect to FWER is that it is more
powerful, i.e., it allows for detecting more significant differences, than FWER, especially when the
number of comparison increases, as it happens in the IR case. However, the main drawback is that
this additional power comes at the price of an increased number of false positives.
The approach to be adopted for multiple comparisons is a quite debated issue in statistics but

the answer on what approach to use is mostly determined by the expected use of the experimental
findings and by the distinction between exploratory analysis, where all the possible cases are
examined in the search for interesting patterns, as opposed to the selection of just a few cases to
consider, motivated by some exogenous cause and knowledge, as highlighted by Tukey [395]. In
this respect, Hochberg and Tamhane [199, p. 11] suggest to adopt FWER when exploratory analysis
is conducted and high validity is required: “As a rule of thumb, one may adhere to controlling
the FWER whenever the findings are presented without highlighting the selection process and/or
without emphasizing the need for further confirmation” – and, this is a typical scenario in IR.

Moreover, when it comes to all-pairwise comparisons, there is agreement in recommending – see
for example Hsu [207] and Maxwell and Delaney [272] – the Tukey HSD test as more appropriate
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and powerful than other methods such as the Bonferroni [46] and Scheffe [354] methods. Finally,
Benjamini and Hochberg [37, p. 291] observes that “any procedure that controls the FWER also
controls the FDR” and, therefore, adopting a FWER approach we draw conclusions which hold also
in the case of the FDR approach used by Voorhees et al. [418]. In this respect, Faggioli and Ferro
[131] compared traditional ANOVA approaches to bootstrap ANOVA ones by Voorhees et al. as
well as adopting FWER or FDR. Faggioli and Ferro concluded that traditional ANOVA is more stable
and less computationally expensive than bootstrap ANOVA. Moreover, as expected, traditional
ANOVA using FWER is stricter, i.e., it identifies less significant different pairs, than bootstrap
ANOVA using FDR; however, traditional ANOVA using FDR provides similar results to bootstrap
ANOVA using FDR, still being a little bit more stable. Finally, Ferro and Sanderson [157] have
recently investigated the stability of several ANOVA models under different conditions, finding
them to be strikingly consistent in the settings of a large-scale evaluation campaign. However,
in the narrower case of some specific participant experiments, Ferro and Sanderson found that
ANOVA models may behave in a quite less consistent way.

4.2.5 Assumptions. ANOVA is based on the following assumptions [242]:
• normality of the error terms;
• equal variance (homoskedasticity) of the error terms;
• independence of the error terms, i.e., they are a random sample.

ANOVA is known to be quite robust to violations of the first two assumptions. Ito [211, p.
205] observes that “the F-test is found to be remarkably insensitive to general nonnormality. In
the commonly occurring case where the group sample sizes are equal, it is not very sensitive to
heterogeneity of variance from group to group”. Similarly, Mendenhall and Sincich [276] note that,
for relatively large samples (e.g., 20 or more observations per factor), ANOVA is robust to violations
of the normality assumption and that it is also robust to unequal variances in the case of balanced
design. On the other hand, violation of the third assumption may severely impact the F-test and
hamper the drawn conclusions as noted, for example, by Scariano and Davenport [353].

IR performance scores are known to violate the first two ANOVA assumptions [68, 379]. Tague-
Sutcliffe and Blustein [379] noted that performance scores did not satisfy the homoskedasticity
assumption and applied a transformation, which is typically used in the case of ratio data, consisting
of taking the arcsine of the square root of the original scores. However, they noted very few
differences in the analysis conducted on the transformed data and they decided to stay with the
untransformed scores, which are more easily interpretable. Carterette [68] observed that both the
first two assumptions are violated because of performance scores typically being bounded in [0, 1];
however Carterette concluded that ANOVA is robust to the kind of violations of normality due to
IR performance scores and that also the violations of homoskedasticity have a fairly limited impact,
in agreement with previous findings of Tague-Sutcliffe and Blustein [379].

4.2.6 Example. We now report an example of analysis of the results by using ANOVA; this analysis
resembles what done by Banks et al. [33] and by Tague-Sutcliffe and Blustein [379].
We use data from the TREC 08 Adhoc track [417] which consists of: 528, 155 documents of

the TIPSTER disks 4-5 corpus minus congressional record; 50 topics, each with binary relevance
judgments and a pool depth of 100; 129 system runs were submitted. We use Average Precision (AP)
as evaluation measure and we set the significance level at 𝛼 = 0.05

Figure 16 shows the box plot [275] of the AP scores of the runs submitted to TREC 08; systems, on
the x-axis, are sorted in descending order of their MAP. A boxplot is a graphical tool to summarise
a distribution of data: the box shows the first quartile (Q1), the second quartile (Q2, the median) as
a line inside the box, and the third quartile (Q3); the box itself represents the Inter-Quartile Range
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Fig. 16. Boxplot of the AP scores of the runs submitted to TREC 08. Systems on the x-axis are sorted in
descending order of their MAP.

Table 1. ANOVA model of Eq. (7) applied to TREC 08 data.

Source SS DF MS F 𝑝-value 𝜔̂2
⟨𝑓 𝑎𝑐𝑡 ⟩

Topic 167.9974 49 3.4285 251.9463 0 0.6559
System 60.0299 128 0.4690 34.4635 0 0.3991
Error 85.3502 6272 0.0136
Total 313.3375 6449

(IQR), i.e., the difference Q3-Q1; the extension of the whiskers (the lines outside the box) represents
1.5 · IQR and they roughly cover 99% of the data, assuming a normal distribution; any data outside
the whiskers is considered an outlier, represented with a ◦ symbol.
We can observe as there is quite a sizeable difference between top performing systems (top

plot) and worst performing ones (bottom plot) but there is also a quite wide range of performance
for each system, as represented by the extension of the boxes and of the whiskers. Therefore, it
would be difficult to tell ahead which systems are significantly better than others without using a
significance test.

Table 1 shows an example of a typical ANOVA table used for summarizing the results. For each
factor, the table reports all the main indicators discussed in Section 4.2: the Sum of Squares (SS), the
Degrees of Freedom (DF), the Mean Squares (MS), the F statistic, the 𝑝-value, and the 𝜔2 Strength of
Association (SOA). Both the Topic and the System factors are statistically significant (the estimated
𝑝-value is 0 for both of them), i.e., there is at least a pair of topics and a pair of systems which
are significantly different. We can also observe that the SS of the Topic, System, and Error factors
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Table 2. Some offline measures and their parameters, which can be calibrated with online data.

Measure 𝑔𝑖 𝑊 (𝑖) User model

RBP 𝑟𝑡 [𝑖] 𝑝𝑖−1 positional (top→ bottom)
ERR

∏𝑖−1
𝑘=1 (1 − 𝑅𝑘 )𝑅𝑖 1/𝑖 cascade (top→ bottom)

TBG 𝑔𝑖 D(T(i)) positional with time (top→ bottom)
click-based utility P[𝐶𝑖 = 1] - defined by the click model
click-based effort 𝑠𝑖P[𝐶𝑖 = 1] 1/𝑖 defined by the click model
MP 𝑃 (𝑖) 𝜋𝑖 Markovian with/without time

do sum up to the Total SS. Finally, both the Topic and the System factors are large-size effects
(estimated 𝜔2 above 0.14 for both of them) and the Topic factor is about 1.6 times bigger than the
System one. This is a well-known phenomenon in the literature: the variability across topics is
much bigger than the variability across systems.
There are 𝑛 = 129 submitted runs and therefore there are 𝑛 (𝑛−1)

2 = 8, 256 system pairs to be
compared; out of them, 3, 423 pairs turn out to be significantly different according to the Tukey
HSD test with a half-width confidence interval equal to 0.051522.

5 OFFLINE EVALUATIONWITH ONLINE DATA
As described in Section 2, offline evaluation allows us to compare IR systems in a controlled and
reproducible experimental setting. However, one might wonder: given two systems 𝐴 and 𝐵, if
system 𝐴 is better than system 𝐵 for a given offline measures 𝑀 , do users prefer system 𝐴 over
𝐵? Sanderson et al. [347] investigate whether offline evaluation with IR measures correlates with
user preferences. They show that nDCG and ERR (presented in Section 5.1) correlate more with
user preferences, while P@10 poorly represents users’ preferences. Carterette [67] investigates
the same problem from a different perspective: he proposes a conceptual framework to analyze
discount functions of IR measures and shows that fat-tail discount functions, as the one used by
nDCG, lead to more robust measures, closely aligned with user behaviour.
To align IR evaluation measures and user behaviour even more, several measures have been

proposed, which can be used for offline evaluation, but with online data to calibrate their parameters.
The typical form of these measures is as follows:

𝑀 (𝑟𝑡 ) =
𝑁∑︁
𝑖=1

𝑔𝑖 ·𝑊 (𝑖) (12)

where 𝑔𝑖 is the gain contributed by the document at rank position 𝑖 (or utility model in Section 3)
and𝑊 (𝑖) is the discount (or weight), associated to the rank position 𝑖 . Next we will present some
measures, where 𝑔𝑖 and𝑊 (·) are defined upon different user models and can be calibrated with
online data. Table 2 summarizes their user models and the value of their parameters.

5.1 Measures Calibrated with Online Data
Rank-Biased Precision (RBP) [288] considers a user who linearly scans the ranked list of results. The
user will start from the first rank position and proceeds towards the bottom of the ranking with
persistence or probability 𝑝: at each rank position the user will decide to visit the next document
22The 0.05 half-size width of the confidence interval means that a MAP distance of 0.10 between two systems is required to
consider them as significantly different. It is somewhat surprising how much these figures recall the 5% − 10% absolute
difference rule-of-thumb by Spärck Jones [371], even if this obviously is just a coincidence.
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with probability 𝑝 , or to finish the examination of the ranking with probability 1 − 𝑝 . The choice
between visiting the next document or terminating the examination is taken independently of the
relevance of the document and of the depth reached in the ranking. RBP is computed as follows:

RBP(𝑟𝑡 ) = (1 − 𝑝)
𝑁∑︁
𝑖=1

𝑟𝑡 [𝑖] · 𝑝𝑖−1 (13)

where (1 − 𝑝) is a normalization factor23 ensuring that RBP scores are in [0, 1], 𝑟𝑡 [𝑖] is the binary
relevance of the document at rank position 𝑖 , and 𝑝𝑖−1 is the probability that the user visits the
document at rank position 𝑖 . The persistence 𝑝 is a value in [0, 1] which represents how much
patient the user is, similarly to the log base 𝑏 for nDCG (see Section 3.4). Commonly used values
are 𝑝 = 0.5 for highly impatient users, 𝑝 = 0.95 for more persistent users, and 𝑝 = 0.8 for users in
between. When real user data are available, 𝑝 can be calibrated directly from the data, e.g., with
clicks, mouse movements, etc.
Expected Reciprocal Rank (ERR) [70] is an extension of Reciprocal Rank (RR)24 [364] based on

the cascade model, opposed to the position model used by RBP. The cascade model assumes that
users scan the ranked list of documents from top to bottom. However, differently from the position
model, the choice of visiting the next document is based not only on the rank position, but also on
the relevance of previously visited documents. ERR is computed as follows:

ERR(𝑟𝑡 ) =
𝑁∑︁
𝑖=1

1
𝑖

𝑖−1∏
𝑘=1

(1 − 𝑅𝑘 ) 𝑅𝑖 (14)

where 𝑅𝑖 is the probability of the user being satisfied with the document at position 𝑖 . The product
on the right-hand side of Equation (14) is the probability that a user terminates the examination
with the document at position 𝑖 , i.e., the product between the probability that the user was not
satisfied by the previous 𝑖 − 1 documents and the probability that the user is satisfied by the
current document at position 𝑖 . For offline evaluation, the probabilities 𝑅𝑖 can be computed from the
relevance grade of each document, while for online evaluation 𝑅𝑖 can be estimated with maximum
likelihood from click logs data.

Time-Biased Gain (TBG) [367, 368] assumes a user that scans the ranking from top to bottom and
in addition accounts for the temporal dimension. Indeed, a limitation of RBP and ERR is that they
implicitly assume a user who examines documents at constant rate. This is a simplistic assumption,
especially when we need to evaluate modern search engines, which display short snippets of Web
pages that users can quickly skip if not relevant. TBG is computed as follows:

TBG(𝑟𝑡 ) =
𝑁∑︁
𝑖=1

𝑔𝑖𝐷 (𝑇 (𝑖)) (15)

where 𝑔𝑖 is the gain associated with the document at rank 𝑖 , 𝑇 (𝑖) is the expected time a user would
take to reach the rank position 𝑖 , and 𝐷 (·) is a decay function, which models the probability that
a user continues to examine the ranking until a given time. All the parameters and functions in
Equation (15) need to be estimated from click log data. Alternatively, Smucker and Clarke [368]
propose to calibrate 𝑇 (𝑖) as the cumulative sum of the time needed to read the snippet 𝑇𝑆 , and
the time needed to read the document 𝑇𝐷 25, conditioned to the probability of the user clicking on
that document. The gain 𝑔𝑖 is defined as a function of the relevance label and the decay 𝐷 (·) is a
negative exponential function.
23The geometric series converges to 1/(1 − 𝑝 ) .
24RR is defined as the inverse of the rank position of the first relevant retrieved document.
25𝑇𝐷 depends on the length of the document.
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Click model based measures [81] exploit the output of a click model as a parameter to estimate the
user utility or effort. Click models [80] are probabilistic models of the user behaviour, which learn
how to predict users clicks on a Search Engine Result Page (SERP). Following the framework proposed
in [67] there are two families of click based measures: utility based and effort based measures. Utility
based measures account just for the utility contributed by each document, estimated from the
relevance grade and the click probability. Utility based measures are computed as follows:

𝑢𝑀 (𝑟𝑡 ) =
𝑁∑︁
𝑖=1

P[𝐶𝑖 = 1]𝑟𝑡 [𝑖] (16)

where 𝑟𝑡 [𝑖] is the relevance grade of the document at rank position 𝑖 and P[𝐶𝑖 = 1] is the probability
that the user clicks on that document. The probability P[𝐶𝑖 = 1] is returned as output of a click
model trained on online data, thus the underlying user behaviour depends on the click model being
used. Effort based measures account for the user effort and the probability of a user stopping the
examination at a given rank position. Effort based measures are computed as follows:

𝑟𝑟𝑀 (𝑟𝑡 ) =
𝑁∑︁
𝑖=1

𝑠𝑖P[𝐶𝑖 = 1] 1
𝑖

(17)

where 𝑠𝑖 = P[𝑆𝑖 = 1|𝐶𝑖 = 1] is the probability that the user is satisfied by the document at rank
position 𝑖 , given that he/she clicked on that document, and the reciprocal of the rank position
1/𝑖 discounts for the user effort. Note that to compute effort based measures the underlying click
models need to be able to estimate user satisfaction (e.g., Dynamic Bayesian Network (DBN) [71],
Dependent Click Model (DCM) [181]26).
Markov Precision (MP) [140] accounts for the temporal dimension and does not assume a user

that examines the ranking in a linear way. As shown by Thomas et al. [385], users might have a
complex behaviour, which can not be described with sequential models. Thus, MP uses a Markov
chain to model the user behaviour, which allows the user to skip documents, move backwards,
and re-visit the same document multiple times. The state space of the Markov chain is the set or a
subset of rank positions and the transition probabilities represent the probability that a user moves
from one document to any other in the ranking. MP is computed as follows:

MP(𝑟𝑡 ) =
∑︁
𝑖∈R

𝜋𝑖 · 𝑃 (𝑖) (18)

where R is the set of rank positions of relevant retrieved documents, 𝜋𝑖 is the invariant distribution
of the Markov chain restricted to relevant documents, and 𝑃 (𝑖) is precision computed at cut-off 𝑖 .
The transition probabilities can be either predefined, for example by assuming a user that moves
only among adjacent documents, or can be calibrated directly with click log data or eye-tracking.
Moreover, MP and its user model can be extended to evaluate IR systems at session level [397].

6 ONLINE EVALUATION
This section goes beyond Cranfield framework and evaluation with test collections [346] presented
in Section 2. Offline evaluation has several limitations: collecting relevance assessments is expensive
and time consuming, which in turns pose a limit on the number of topics that can be included
in test collections (usually only 50), even though real world search engines receive and process
billions of queries per day27.

26The effort based measure in Equation (17) computed with DCM click model corresponds to ERR
27https://www.internetlivestats.com/google-search-statistics/
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Furthermore, IR systems are becoming increasingly complex, personalized and context depen-
dent to attempt in correctly interpreting users’ information need, which is extremely subjective.
Therefore, topical relevance is not sufficient and objective judgements provided by assessors can
not be used to adequately evaluate complex and highly personalized retrieval tasks [200].

Online evaluation exploits the behaviour and interactions of real users, while they engage with
an IR system. This allows to evaluate IR systems from the perspective of real users, aiming at
optimizing their utility.

6.1 Description of Online Evaluation
In the evaluation spectrum proposed by Kelly [229], online evaluation is placed close to the centre of
the spectrum, shifting the focus from systems to humans28. Specifically, Hofmann et al. [200] define
online evaluation as “the evaluation of a fully functioning system based on implicit measurement of
real users’ experience of the system in a natural usage environment”.

The natural usage environment is represented by a user issuing a query to an IR system. The IR
system returns a ranked list of document snippets, usually grouped on different pages with 10/20
snippets per page. Each page is called Search Engine Result Page (SERP). The user interacts with the
SERP by clicking on the snippets to open and read the documents. The user’s session starts when
the user issues the first query, but it is complicated to determine when the session ends [212, 213].
For example, within the same search episode, a user can issue multiple queries related to the same
information need, every time refining the query terms based on the results in the SERP. This case
should be treated as a single session and the query terms can be analyzed to understand when
there is a shift in the information need. Moreover, many times users do not close the connection
with the IR system even if their session is over, therefore it is convenient to set a time-out after a
long period of inactivity (usually 30 minutes [183]).
Implicit measurements include any type of interaction, obtained by watching users while they

naturally engage with an IR system [230, 359]. Examples of implicit feedback are clicks on search
results, mouse hover, dwell time or reading time, purchase decisions, etc. Note that collecting
implicit feedback is transparent to users and does not require any extra effort, opposed to explicit
feedback, which requires users to actively engage in additional tasks.
Online evaluation requires access to a large amount of log data from real users. For example

query or click logs are a valuable and informative source of user feedback: they can be collected by
IR systems at almost no cost, they do not require any effort from users, they are available in large
quantities and in real time, and they represent personalized preferences of users [216]. Nevertheless,
such data might not be easily accessible, due to privacy or ethical constraints and it is inherently
biased and noisy. Indeed, a document can be frequently clicked simply because it is displayed at
the top of the ranked list of documents, rather than being relevant (position bias [108, 216]). In a
different situation, a user may find the answer in a document snippet, so even if the document is
relevant, the user does not need to click on it (good abandonment [253]). As a consequence, it is
hard to interpret the actual user behaviour and to remove bias and noise from log data.
Furthermore, compared to offline evaluation, online evaluation is hardly reproducible. Indeed,

the evaluation outcome depends on the users and the interpretation of their implicit signals: thus
testing two systems in two different time periods might lead to different conclusions, especially
if the user population is not large and diverse enough. On the other side, with offline evaluation
the collection of documents, the set of topics and the relevance assessments are fixed, thus the
evaluation scores of baseline systems can be used as benchmark.

28In [229] online evaluation corresponds to log analysis.
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To conclude, we summarize advantages and disadvantages of different evaluation strategies
analyzed so far:
• Offline Evaluation: allows for direct comparison of multiple IR systems, it is simple and can
be easily replicated/reproduced, but does not account for the actual user experience and
satisfaction.
• Offline Evaluation Calibrated with Online Data: in-between offline and online evaluation, it
is better aligned with the user behaviour than offline evaluation and it is easier to reproduce
than online evaluation.
• Online Evaluation: accounts for the actual user behaviour while interacting with the IR
system, but it is complex and in most of the cases it is not reproducible.

6.2 Online Controlled Experiments
The goal of a controlled experiment is to explain the relation between the cause (independent
variable) and its effect (dependent variable). Researchers formulate an hypothesis and then test it
by controlling the independent variable and quantitatively measure its effect on the dependent
variable. The Overall Evaluation Criterion (OEC) is a set of observations or indicators which are
collected to quantitatively measure the effect of changes in the independent variable.

In online evaluation, controlled experiments are run to assess the quality of different IR systems.
For example, assume that a system 𝐵 is developed with a new feature and this system is supposed to
improve over the current system 𝐴. An online controlled experiment exploits interactions of users
to answer the question: is system 𝐴 better than system 𝐵? Thus a large number of users is exposed
to systems 𝐴 and 𝐵 and their interactions are collected and analysed. In this setting, examples of
OEC can be the click-through rate, the conversion rate29, and the overall time spent in engaging
with the system (see Section 6.5). The tested hypothesis assumes that the effect of the new feature
in system 𝐵 can be measured and quantified, for example with an increased click-through rate or
conversion rate.
When running controlled experiments, we need to consider confounding variables: these are

external factors, that the researcher can not control, which can affect both the dependent and inde-
pendent variables. Confounding variables can lead to wrong conclusions: for instance a researcher
can find a cause-and-effect relationship which does not exist, because it is due to the confounding
variables, or he/she can fail to detect a real cause-and-effect relationship, because the confounding
variable masks the effects on the dependent variable. Going back to the two systems 𝐴 and 𝐵, an
example of confounding variable can be the presence of an extremely popular item, thus a large
increment in click-through rate or purchase rate might be caused by this popular item, rather than
the new developed feature of system 𝐵. Randomization is the most robust way to limit the impact
of confounding variables: if the number of users involved in the experiment is large enough, the
value of confounding variables is somehow averaged across the population, and they will not affect
the cause-and-effect relationship. Finally, statistical tests should be run to compare the observations
from the control and treatment groups and ensure that the differences are not due to chance (see
Section 4).
There are two main types of controlled randomized experiments: between-subject and within-

subject experiments. In between-subject experiments users are exposed just to a single condition,
while in within-subject experiments users are exposed simultaneously to both conditions. In IR
online evaluation, A/B testing is commonly used for between-subject controlled experiments (see
Section 6.3) and interleaving is used for within-subject experiments (see Section 6.4).

29The conversion rate is the percentage of users who take a desired action, e.g., percentage of users who purchase an item
in a e-commerce website [28].
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Fig. 17. Online controlled experiments: difference between A/B testing and Interleaving.

6.3 A/B Testing
As illustrated in Figure 17a, A/B Testing30 [234, 237] randomly assigns each user to the control
group (the current system 𝐴) or the treatment group (the new system 𝐵). Thus the independent
variable of the experiment is the group assignment (a binary variable which identifies the system
assigned to each user) and the dependent variable is measured through online evaluation measures
(see Section 6.5). To conduct a reliable experiment, it is fundamental that each user is assigned
randomly to each group, this ensures that the effects observed in the OEC are actually due to the
change between the control and treatment group (causality is established [421]). Sometimes, it
might be useful to run an A/A test [236], e.g., an A/B test where all users are assigned to the same
control group. This allows to check the experimental set-up: if everything is implemented correctly,
the hypothesis that the new system A is better than the old system, again A, should be rejected
with high confidence (≥ 1 − 𝛼). Moreover, A/A tests allow to collect data to compute the power of
the statistical test used to assess the experimental hypothesis (see Section 4.1).

A fundamental part of A/B testing experiments is the randomization algorithm, i.e., the algorithm
that maps each user to the control or treatment group. According to Kohavi et al. [234], good
randomization algorithms should have the following properties:
(1) Users must be assigned to the control and treatment groups with equal probability, thus a

50 − 50 split will avoid any bias;
(2) User assignments must be consistent, i.e., if a user access the system multiple times, he/she

should be assigned to the same group every time;
(3) There must not be correlation among experiments, which means that if a user is subject to

multiple experiments, the probability of a user being assigned to the control or treatment
group should not depend on his/her previous assignment.

Simple versions of randomization algorithms can be implemented with a standard pseudo-random
number generator and a caching mechanism. The number generator needs to be seeded only
once, when the experiment starts, this will ensure that properties (1) and (3) are satisfied. Then,
caching the assignment with a database (server side) or cookies (client side) will ensure property
(2). Alternatively, hash functions can be applied to the user and experiment identifiers, to generate
uniformly distributed numbers in a given range. Then, this range is partitioned to assign users

30https://exp-platform.com/
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to the control and treatment groups. MD5 hash function has been proven to satisfy all the 3
properties [234].

6.4 Interleaving
As illustrated in Figure 17b, interleaving [215] assigns users to both experimental conditions at
the same time (both systems 𝐴 and 𝐵). This type of controlled experiment merges the rankings
returned by two IR systems in a single ranking, which is then presented to the users. The single
merged or interleaved ranking should minimally differ from both candidates, to ensure that users
can see results from both systems in an unbiased way.

Interleaving approaches have two main components: the mixing policy and the scoring rule. The
mixing policy takes as input the rankings from 𝐴 and 𝐵, and returns a single interleaved ranking 𝐼 .
The scoring function takes as input the original rankings, the interleaved ranking, and the collected
observations, and returns a score, whose purpose is to allow a fair the comparison between the
systems 𝐴 and 𝐵.
The idea behind interleaving is that clicks can be used as preference judgements instead of

absolute judgements. Indeed, clicks might not be a good choice to estimate relevance since they are
inherently biased (e.g., position bias, popularity bias) and users might click on a document even
when it is not relevant. However, clicks can be used as pairwise preference judgements: if a large
number of users click more a document 𝑑𝑖 from system 𝐴 and less on a document 𝑑 𝑗 from system
𝐵, we can conclude that document 𝑑𝑖 is preferred to document 𝑑 𝑗 . Therefore, if documents from 𝐴

are clicked more often than documents from 𝐵, we can infer that system 𝐴 is better than system
𝐵. Note that this approach assumes that the interleaved ranking is built in an unbiased way. For
example, if documents from 𝐴 are ranked always higher than documents from 𝐵 in the interleaved
ranking, then it is more likely that documents from 𝐴 receive more clicks due to the position bias.

Joachims [215] was the first to propose an interleaving approach to compare online IR systems:
balanced interleaving. As suggested by its name, balanced interleaving returns an interleaved
ranking where documents from 𝐴 and 𝐵 are balanced: any top 𝑘 results in the interleaved ranking
𝐼 contain the top 𝑘𝑎 results from 𝐴 and the top 𝑘𝑏 from 𝐵, where 𝑘𝑎 and 𝑘𝑏 are equal or differ at
most by 1. Algorithm 1 details balanced interleaving as presented in [313]. The first operation
is to randomly select the preferred algorithm (𝐴𝐹𝑖𝑟𝑠𝑡 ), which is always chosen when there are
ties. Then, 𝑘𝑎 and 𝑘𝑏 are pointers to the documents in 𝐴 and 𝐵, which are closest to the top of the
corresponding input rankings but are not yet included in the interleaved list 𝐼 . The algorithm stops
when the pointers 𝑘𝑎 and 𝑘𝑏 reach the end of the rankings.

Both A/B testing and interleaving have advantages and disadvantages. A/B testing is easier to
implement and can be applied to a wide range of experimental settings (not just with rankings).
The main assumption behind A/B testing is that users are independent among each other, which is
reasonable for online users of IR systems. However, A/B testing suffers from high variance, since
each user with his/her own information need is exposed just to one condition. Thus we need to
involve a large enough number of users and ensure proper randomization.
On the other side, with interleaving, the same user is exposed to both conditions, thus we can

separate the variance due to different users and information needs from the effects due to the
experimental condition. However, to ensure a fair comparison between systems, we need extra
assumptions when we create the interleaved ranking and we need complex scoring functions, able
to correctly interpret user preferences. Thus, interleaving can be less flexible than A/B testing.
As mentioned before, online evaluation is difficult to generalize and is hard to interpret, due

to all biases that affect log data. Furthermore, online evaluation comes with a cost: if during the
controlled experiment (A/B testing or interleaving), we show wrong or low quality results, we can
affect the online experience of thousands of users, which can turn in a loss of income.

, Vol. 1, No. 1, Article . Publication date: September 2024.



38 Ferro and Maistro

Algorithm 1: Balanced Interleaving
Data: Rankings 𝐴 = (𝑎[1], 𝑎[2], . . .) and 𝐵 = (𝑏 [1], 𝑏 [2], . . .)
𝐼 ← (); 𝑘𝑎 ← 1; 𝑘𝑏 ← 1;
𝐴𝐹𝑖𝑟𝑠𝑡 ← 𝑅𝑎𝑛𝑑𝐵𝑖𝑡 (); // randomly decide which ranking gets priority

while (𝑘𝑎 ≤ |𝐴|) ∧ (𝑘𝑏 ≤ |𝐵 |) do
if (𝑘𝑎 < 𝑘𝑏) ∨ ((𝑘𝑎 = 𝑘𝑏) ∧ (𝐴𝐹𝑖𝑟𝑠𝑡 = 1)) then

if 𝑎[𝑘𝑎] ∉ 𝐼 then
𝐼 ← 𝐼 + 𝑎[𝑘𝑎]; // append the document in 𝐴 to 𝐼

𝑘𝑎 ← 𝑘𝑎 + 1;
end

else
if 𝑏 [𝑘𝑏] ∉ 𝐼 then

𝐼 ← 𝐼 + 𝑏 [𝑘𝑏]; // append the document in 𝐵 to 𝐼

𝑘𝑏 ← 𝑘𝑏 + 1;
end

end
end
Result: Interleaved ranking 𝐼

6.5 Online Measures
Controlled experiments rely on the Overall Evaluation Criterion (OEC) to deem which system is
better between 𝐴 and 𝐵. OEC is a “quantitative measure of the experiment’s objective” [234]. It
can be a single measure or a set of different measures, where the recommendation is to define a
weighted sum of multiple measures [329].

Measures for online controlled experiments can be categorized in two families: absolute measures
and relative measures [200]. Absolute measures return a score which represents the system quality
by itself, without need to compare or relate to other systems. This score can be used to compare
multiple systems or the same system at different time periods. These types of measures are usually
exploited with A/B testing experiments. On the other side, relative measures return a preference
judgement, i.e., a score that needs to be related to another system. This measures answer to the
question whether system 𝐴 is better than system 𝐵, but they do not inform on the quality of each
system when considered individually. Note that transitivity might not hold: if system 𝐴 is better
than system 𝐵, and system 𝐵 is better than system 𝐶 , we can not conclude that system 𝐴 is better
than system 𝐶 . These types of measures are usually exploited by interleaving.

Moreover, online evaluationmeasures are further classified based on their scope or level: document
level, ranking level and session level measures. Hofmann et al. [200] present a comprehensive survey
of online evaluation measures, we list some of them next.

Absolute document level metrics:
• Click-Through Rate (CTR): is the ratio between the number of clicks and the number of
impressions, i.e., the total number of times a document is displayed on the SERP. It is one
of the most simple online measures, commonly used as baseline. It is noisy and affected by
position bias [217], i.e., documents at the beginning of the ranking (rank positions 1, 2 and 3)
receive the majority of clicks.
• Dwell-time: is the time a user spends in examining a search results (e.g., reading a Web page).
A threshold of 30 seconds is commonly set to define satisfied clicks [428].
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• Click models: can be used to evaluate IR systems as in discussed in Section 5.1, but they can
also be used to infer the relevance of documents from user clicks. Thus, inferred relevance
judgements can become the input for any offline measure.

Absolute ranking level metrics:

• Click rank: is the rank position of the first document clicked in a ranking. The closer to the
top the clicks occur in a ranking, the better the IR system.
• Click reciprocal rank: is inspired by RR and is the inverse of the rank position where the first
click occurs. Is a variation of click rank, but it is bounded in [0, 1] and the higher the score
the better the system.
• CTR@k: is CTR aggregated for the first 𝑘 positions in the ranking.
• Time to click: is the time difference between the first or last click and the impression time of
the SERP [69, 161]. Since time represents a cost for users examining the list, the lower the
time the better the IR system. This measure needs to be considered carefully, especially in
the case of good abandonment (see below).
• Good abandonment: no interactions can also be interpreted as a good signal [253]. Indeed
nowadays, online IR systems can provide an answer without requiring users to click any-
where.

Absolute session level measures: simple measures to evaluate online IR systems can be derived
from document level and ranking level absolute measures, e.g., time to first click, session length,
number of queries in a session, etc. However, these measures can be misleading when considered
with respect to the whole session. For example, if a high number of queries with many clicks occur
in the same session, it can be interpreted positively, since the user is engaging with the system, but
it can also hide a negative signal, i.e., the user struggling in finding relevant documents. Therefore,
some absolute session level measures has been proposed, which are able to account for multiple
types of user interactions simultaneously:

• Learned measures: combine several signals at different levels, e.g., CTR, dwell time, number
of queries, etc. These signals are used as features for Machine Learning (ML) models which
predict the user satisfaction as a binary classification task.
• Loyalty measures [244]: are long term measures which account for the engagement over
time of a user with the IR systems. User engagement refers to the “emotional, cognitive,
and behavioral experience of a user with a technological resource” [244]. These measures
are especially useful for commercial IR systems, because they measure the quality of the
user experience and not just the user amount of interactions. Relying only on measures
such as CTR or dwell time might be misleading since they do not necessarily relate to user
engagement. Examples of loyalty measures are: the number of queries/sessions per user, the
number of daily queries/sessions per user, and the absence time [120], i.e., the time of the
user returning to the system. These measures are hard to apply: user habits take time to
establish causing a slow change in loyalty measures.

Relative measures: are used combined with interleaving experiments, where they are encoded
in the scoring function. In the context of relative document level measures, Joachims et al. [217]
show that users’ interactions with documents in the SERP are affected by the context, i.e., the
neighbouring documents. They propose the skip above click rule: if a user skips a document at the
beginning of the ranking, and clicks a document lower in the ranking, we can assume that the user
prefers the clicked document to the skipped one. Indeed the user has to make an extra effort (skip a
document) to actually reach the document he/she is interested into. Once more this model assumes
that the user scans the SERP from top to bottom. In a proper randomized setting, where pair of
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documents are displayed on the SERP in all possible orders, this rule can be used to infer pairwise
judgements of documents and thus evaluate systems at document level [311].
Several interleaving approaches have been proposed in the context of relative ranking level

measures. For balanced interleaving [215] or TeamDraft [312] the preferred ranking is the one that
receives more clicks. Extensions of these algorithms were proposed to merge rankings from more
than two systems [356] or to exploit historical data [201].
Finally, note that there is no relative session level measure. Indeed, it is not clear how different

sessions can be interleaved to produce a single session.
Whether you run an A/B test or an interleaving experiment, the definition of the OEC is crucial.

Using a single measure to define the OEC might be misleading and offers only a single perspective
when evaluating a system. For example, relying only on CTR can lead to wrong conclusions because
(1) a click on a document does not necessarily mean that the document is relevant; (2) it is easy to
“shift clicks”, i.e., clicks simply move from one area of the page to another [235]. On the other side,
using too many measures can add too much complexity making it hard to combine all measures in
a single OEC. A rule of thumb is to use no more than 5 different measures, focusing only on key
measures [237].

When evaluating commercial systems, the OEC often needs to account for the company revenue.
Therefore, we need to define a trade-off between measures based on users’ interactions and/or
engagement and monetary revenue. Funnel approaches can help in breaking down the evaluation
procedure in different steps. An example is the PULSE framework [323], which stands for Page
views, Uptime, Latency, Seven-day active users, and Earnings. One shortcoming of PULSE is that an
increase for some of its measures, e.g., active users, can lead to misleading results, because these are
low level measures that do not reflect the actual user engagement. The HEART framework [323]:
Happiness, Engagement, Adoption, Retention and Task success, focuses mainly on users’ experi-
ence and engagement. The PIRATE framework [273]: AARRR! Acquisition, Activation, Retention,
Referral, and Revenue includes both users’ experience and revenue.
As a final remark, note that improvements of IR offline measures, such as AP or nDCG (see

Sections 3 and 5) do not necessarily translate in improvements of online measures or company
revenue. Empirically, only 10%−30% of good ideas result into statistically significant improvements,
which lead to business changes [204, 225, 234, 269].

7 MEASUREMENT
This section presents the foundations of measurement and discusses them and their implications
from the perspective of IR evaluation, with particular reference to evaluationmeasures and statistical
significance testing.

Sections 7.1 and 7.2 provide an intuitive overview of the representational theory of measurement
and introduce the central concept of scale of measurement. Section 7.3 explains the classification of
the scales of measurement based on their properties. Sections 7.4 and 7.5 discuss which operations
among the values of a scale and which statistical significance test should be admissible, based on the
scale properties. Section 7.6 explains why the general discourse about scales and their properties
matters for IR evaluation. Finally, Section 7.7 presents a formal theory of IR evaluation measures to
derive scale properties for IR evaluation measures and to account for their implications.

Note that the problems of admissible operations and statistical tests is a very much debated issue,
both inside and outside IR, and there are different viewpoints and strong opinions about what you
should or should not do. The objective of this section is not to support any specific viewpoint but
rather to make the reader aware about the potential issues concerning scale properties and present
the different viewpoints in order to let her/him take informed decisions.

, Vol. 1, No. 1, Article . Publication date: September 2024.



Evaluation of IR Systems 41

Real World Number System

67.13 93.00

Papaya Tree taller than Banana Tree

Papaya Tree Banana Tree Ananas Tree

Papaya Tree taller than Ananas Tree

Banana Tree taller than Anans Tree

Empirical Relations Mathematical Relations

Papaya Tree much taller than Ananas Tree

Banana Tree much taller than Ananas Tree

15.47

(7HWH`H�;YLL) > ()HUHUH�;YLL)

(7HWH`H�;YLL) > ((UHUHZ�;YLL)

()HUHUH�;YLL) > ((UHUHZ�;YLL)

(7HWH`H�;YLL) > ((UHUHZ�;YLL) + 50

()HUHUH�;YLL) > ((UHUHZ�;YLL) + 50

R+
00

(·)

R(·)

Fig. 18. Example of an empirical relations for the attribute “height” of a tree and its representation condition.

7.1 Overview

Measurement is the process by which numbers (or symbols) are assigned to attributes
of entities in the real world in such a way as to describe them accordingly to clearly
defined rules.

The above definition of measurement by Fenton and Bieman [134] highlights several important
facts about it. An entity is an object or an event existing in the real world, which is described by
means of its identifying characteristics – the attributes – that allow us to distinguish one entity
from another. We often define the attributes in terms of numbers, to easily process and work with
them. In doing this, we need to preserve the empirical relationships among the (attributes of the)
entities in the real world and properly translate them in the numerical domain.
Consider the example shown in Figure 18 about the attribute “heigth” of a tree, where the real

world is constituted by just three entities: a Papaya tree, a Banana tree, and an Ananas tree. We
can easily see that some trees are “taller than” others: for example, we can see that the Papaya tree
is “taller than” the Banana and Ananas ones, while the the Banana tree is “taller than” the Ananas
one. Moreover, we can have multiple relations on the same set of entities. For example, we can see
that both a Papaya and a Banana tree are “much taller than” an Ananas one.
“Taller than” and “much taller than” are empirical relations for height (of a tree) and we can

think at them as a mapping from the real world to a formal mathematical world. Indeed, they can
be considered as a mapping from the set of trees to the set of real numbers, provided that, for
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example, whenever a Papaya tree is “taller than” a Banana one, any measure of height assigns a
higher number to the Banana tree than to the Papaya one.

7.2 The Representational Theory of Measurement
The representational theory of measurement [134, 238, 261, 378] is one of the most developed
approaches to measurement, suitable for many areas of science ranging to physics and engineering,
including software engineering, to psychology. As said, the basic idea is that real world objects
(entities) have attributes which constitute their relevant features and induce a set of relationship
among them. The set of objects 𝐸 together with the relationships 𝑅𝐸1 , 𝑅

𝐸
2 , . . . among them comprise

the so-called Empirical Relational System (ERS) E =
〈
𝐸, 𝑅𝐸1 , 𝑅

𝐸
2 , . . .

〉
. Then, we look for a mapping

between the real word objects 𝐸 and numbers 𝑁 in such a way that the relationships 𝑅𝐸1 , 𝑅
𝐸
2 , . . .

among the objects match with relationships 𝑅𝑁1 , 𝑅
𝑁
2 , . . . among numbers. The set of numbers 𝑁

together with the relationships 𝑅𝑁1 , 𝑅
𝑁
2 , . . . constitutes the so-called Numerical Relational System

(NRS) N =
〈
𝑁, 𝑅𝑁1 , 𝑅

𝑁
2 , . . .

〉
.

More precisely, the representational theory of measurement seeks for an homomorphism 𝜙 which
maps 𝐸 onto 𝑁 in such a way that ∀𝑅𝐸𝑖 , ∀𝑒1, 𝑒2, . . . , 𝑒𝑘 ∈ 𝐸 | (𝑒1, 𝑒2, . . . , 𝑒𝑘 ) ∈ 𝑅𝐸𝑖 it holds that
∃𝑛1 = 𝜙 (𝑒1), 𝑛2 = 𝜙 (𝑒2), . . . 𝑛𝑘 = 𝜙 (𝑒𝑘 ) ∈ 𝑁 | (𝑛1, 𝑛2, . . . , 𝑛𝑘 ) ∈ 𝑅𝑁𝑖 . The homomorphism 𝜙 is
called a scale (of measurement). Note that, in general, we seek for an homomorphism and not an
isomorphism because two different real word objects might be mapped into the same number.

The most typical example is length. Suppose the ERS E =
〈
𝐸,¥, ◦

〉
is a set of rods with an order

relationship ¥ among rods and a concatenation operation ◦ among them. If the attribute under
examination is the length of a rod, we can map the ERS to the NRS N =

〈
R+0 , ≥, +

〉
such that

∀𝑒1, 𝑒2, 𝑒3 ∈ 𝐸 it holds 𝑒1 ¥ 𝑒2 ⇔ 𝜙 (𝑒1) ≥ 𝜙 (𝑒2) and 𝑒1 ◦ 𝑒2 ∼ 𝑒3 ⇔ 𝜙 (𝑒1) + 𝜙 (𝑒2) = 𝜙 (𝑒3), that is if
a rod is longer than another one the number assigned to the first one is bigger than the number
assigned to the second one and the concatenation of two rods corresponds to the sum of the two
numbers assigned to them.

The core of the representational theory of measurements is to seek for a representation theorem
and a uniqueness theorem for the scale of measurement in order to fully define it.
The representation theorem ensures that if the ERS satisfies given properties, it is possible to

construct an homomorphism to a certain NRS. In the previous example, the representation theorem
defines which properties the order relation ¥ and the concatenation ◦ have to satisfy in order
to construct a real-valued function 𝜙 which is order preserving and additive. It is important to
underline that the representational theory of measurement seeks for “operations” among real word
objects – e.g., we can put two rods side by side to order them or we can lay two rods end by end to
concatenate them – and if these “operations” satisfy given properties they can be reflected into
corresponding operations among numbers, where numbers are just a proxy of what happens among
real world objects but are much more convenient to manipulate.
In general, given an ERS and an NRS, it is possible to create more than one homomorphism

between them. For example, it is possible to express length by using meters or yards and both of
them are legitimate scales for length. The uniqueness theorem is concerned with determining which
are the permissible transformations 𝜙 → 𝜙 ′ such that 𝜙 and 𝜙 ′ are both homomorphisms of the given
ERS into the same NRS. In our example, any transformation 𝜙 ′ = 𝛼𝜙, 𝛼 > 0 is permissible for length.
Therefore, the uniqueness theorem guarantees that the “structure” of a scale of measurement is
invariant to changes in the numerical assignment which preserve the relationships.
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7.3 Classification of the Scales of Measurement
Stevens [375] introduced a classification of scales based on their permissible transformations,
described below.

7.3.1 Nominal scale. It is used when entities of the real world can be placed into different classes
or categories on the basis of their attribute under examination. The ERS consists only of different
classes without any notion of ordering among them and any distinct numeric representation of
the classes is an acceptable measure but there is no notion of magnitude associated with numbers.
Therefore, any arithmetic operation on the numeric representation has no meaning.

The class of permissible transformations is the set of all one-to-one mappings, i.e., bijective
functions: 𝜙 ′ = f (𝜙), since they preserve the distinction among classes.

Example 7.1 (Nominal Scale). Consider a classification of people by their country, e.g., France,
Germany, Greece, Italy, Spain, etc. We could define the two following measurements:

𝜙 =



5 if France
4 if Germany
3 if Greece
2 if Italy
1 if Spain
· · · if · · ·

𝜙 ′ =



41 if France
13 if Germany
−10 if Greece
23 if Italy
17 if Spain
· · · if · · ·

both 𝜙 and 𝜙 ′ are valid measures, which can be related with a one-to-one mapping. Note that even
if 𝜙 looks like being ordered, there is actually no meaning in the associated magnitudes and so it
should not be confused with an ordinal scale (see below). Moreover, even if it is always possible to
operate with numbers, this has no specific meaning. For example, using 𝜙 to perform 4 − 3 = 1
would correspond to Germany − Greece ?

= Spain. Similarly, using 𝜙 ′ to perform 13 − (−10) = 23
would correspond to Germany − Greece ?

= Italy, even in disagreement with the previous case.

7.3.2 Ordinal scale. It can be considered as a nominal scale where, in addition, there is a notion of
ordering among the different classes or categories. The ERS consists of classes that are ordered
with respect to the attribute under examination and any distinct numeric representation which
preserves such ordering. Therefore, the magnitude of the numbers is used just to represent the
ranking among classes. As a consequence, addition, subtraction or other mathematical operations
have no meaning.

The class of permissible transformations is the set of all the monotonic increasing functions, since
they preserve the ordering: 𝜙 ′ = f (𝜙).

Example 7.2 (Ordinal Scale). The European Commission Regulation 607/2009 [125] and the
follow-up regulation 2019/33 [126] set the following increasing scale to classify sparkling wines on
the basis of their sugar content:
• pas dosé (brut nature): sugar content is less than 3 grams per litre; let us call this range
𝑠0 = [0, 3];
• extra brut: sugar content is between 0 and 6 grams per litre; let us call this range 𝑠1 = [0, 6];
• brut : sugar content is less than 12 grams per litre; let us call this range 𝑠2 = [0, 12];
• extra dry: sugar content is between 12 and 17 grams per litre; let us call this range 𝑠3 = (12, 17];
• sec (dry): sugar content is between 17 and 32 grams per litre; let us call this range 𝑠4 = (17, 32];
• demi-sec (medium dry): sugar content is between 32 and 50 grams per litre; let us call this
range 𝑠5 = (32, 50];
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• doux (sweet): sugar content is greater than 50 grams per litre; let us call this range 𝑠6 =

(50, 2000], where 2000 grams per litre is roughly the saturation of sugar in water, which is
much higher than those of sugar in alcohol.

We can introduce two alternative ordinal scales 𝜙 and 𝜙 ′ of the above wine scale where 𝜙 is
given by the maximum of a range31 while 𝜙 ′ is given by a monotonic transformation 𝜙 ′ = 𝜙2:

𝜙 =



3 if pas dosé
6 if extra brut
12 if brut
17 if extra dry
32 if sec
50 if demi-sec
2000 if doux

𝜙 ′ =



9 if pas dosé
36 if extra brut
144 if brut
289 if extra dry
1024 if sec
2500 if demi-sec
4000000 if doux

As in the case of the previous Example 7.1, mathematical operations have no specific meaning,
even if, especially in the case of𝜙 , wemay be tempted to perform operations like brut

extra brut =
12
6 = 2 to

express statements like “brut may be twice as sweet as extra brut”. However, such statement cannot
be expressed on the 𝜙 or 𝜙 ′ scale and it actually comes from implicitly changing scale to the mass
concentration scale of the solution, which is a ratio scale (see below), where the division operation
would make sense. Also addition and subtraction have no meaning, so brut−extra brut = 12−6 = 6
is not a way to express statements like “brut may have 6 𝑔/𝑙 of sugar more than extra brut”, for the
same reasons above. We could perform operations such as sgn(𝜙 (𝑒1)−𝜙 (𝑒2)) or sgn(𝜙 ′ (𝑒1)−𝜙 ′ (𝑒2))
but this would be just a more involute way of expressing the order among categories, which is the
only property guaranteed by ordinal scales.

7.3.3 Interval scale. Besides relying on ordered classes, it also captures information about the size
of the intervals that separate the classes. The ERS consists of classes that are ordered with respect
to the attribute under examination and where the size of the “gap” among two classes is somehow
understood. More precisely, fundamental to the definition of an interval scale is that intervals must
be equi-spaced. An interval scale preserves order, as an ordinal one, and differences among classes
have meaning – but not their ratio. Therefore, addition and subtraction are acceptable operations
but not multiplication and division.

The class of permissible transformations is the set of all affine transformations: 𝜙 ′ = 𝛼𝜙 +𝛽, 𝛼 > 0.
Note that while ratios of classes 𝜙 (𝑒1 )

𝜙 (𝑒2 ) have nomeaning on an interval scale, the ratio of differences

among classes, i.e., the ratio of intervals, is allowed and invariant 𝜙
′ (𝑎)−𝜙 ′ (𝑏 )

𝜙 ′ (𝑐 )−𝜙 ′ (𝑑 ) =
[𝛼𝜙 (𝑎)+𝛽 ]−[𝛼𝜙 (𝑏 )+𝛽 ]
[𝛼𝜙 (𝑐 )+𝛽 ]−[𝛼𝜙 (𝑑 )+𝛽 ] =

𝜙 (𝑎)−𝜙 (𝑏 )
𝜙 (𝑐 )−𝜙 (𝑑 ) .

Example 7.3 (Interval Scale). A typical example of interval scale is temperature, which can be
expressed on either the Fahrenheit or the Celsius scale, where the affine transformation 𝐹 = 9

5𝐶 + 32
allows us to pass from one to the other. When talking about temperature it does not make sense to
say that 20 ◦C is twice as hot as 10 ◦C, i.e., multiplication and division are not allowed. You can also
note that the division operation is not invariant to the transformation, since 20 ◦C

10 ◦C = 2 but 68 ◦F
50 ◦F = 1.36.

However, it makes sense to say that the increase between 10 ◦C and 20 ◦C is the same as the increase
between 20 ◦C and 30 ◦C, i.e., addition and subtractions are allowed; you can also note that the

31Note that the EU regulations define intervals that are not disjoint and we follow the official definitions. This does not
influence the definition of the ordinal scales above, since they are based on the maximum of each interval, which is unique
and strictly increasing for each of them.
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subtraction operation is invariant to the transformation since 30 ◦C− 20 ◦C = 20 ◦C− 10 ◦C = 10 ◦C
and 86 ◦F− 68 ◦F = 68 ◦F− 50 ◦F = 18 ◦F. Moreover, the ratio of intervals 20 ◦C − 10 ◦C

30 ◦C − 20 ◦C = 1 is invariant
to the transformation 68 ◦F − 50 ◦F

86 ◦F − 68 ◦F = 1.
Central to the notion of temperature is the fact that the size of the “gap” has the same meaning

all over the scale; indeed, 1 degree represents the same amount of thermal energy over the whole
scale, i.e., the gaps are equi-spaced.

7.3.4 Ratio scale. It allows us to compute ratios among the different classes. The ERS consists
of classes that are ordered, where there is a notion of “gap” among two classes and where the
“proportion” among two classes is somehow understood. It preserves order and differences as well
as ratios. Therefore, all the arithmetic operations are allowed.

The class of permissible transformations is the set of all linear transformations: 𝜙 ′ = 𝛼𝜙, 𝛼 > 0.

Example 7.4 (Ratio Scale). A typical example of ratio scale is length which can be expressed on
different scales, e.g., meters or yards, which can all be mapped one into another via a similarity
transformation. For example, to pass from kilometers (𝜙) to miles (𝜙 ′), we have the following
transformation 𝜙 ′ = 0.62𝜙 .

Another example of ratio scale is the absolute temperature on the Kelvin scale where there is a
zero element, which represents the absence of any thermal motion.

7.4 Admissible Statistical Operations
Stevens moved a step forward and linked the notion of scale with that of admissible statistical
operations which can be carried out with that scale:
• Nominal scale: the only allowable operation is counting number of items in each class, that
is, in statistical terms, mode and frequency.
• Ordinal scale: besides the operations already allowed for nominal scales, median, quantiles,
and percentiles are appropriate, since there is a notion of ordering.
• Interval scale besides the operations already allowed for ordinal scales, mean and standard
deviation are allowable since they depend just on sum and subtraction32.
• Ratio scale: besides the operations already allowed for interval scales, geometric and harmonic
mean, as well as coefficient of variation, are allowable since they depend on multiplication
and division.

These prescriptions originated several debates over the decades. Lord [258, p. 751] argued that
“since the numbers don’t remember where they come from, they always behave the same way,
regardless” and so any operation should be allowed even on “football numbers”, i.e., a nominal scale;
Gaito [170] reinforced this argument by distinguishing between the realm of the measurement
theory, where Stevens’s restrictions should apply, and the realm of the statistical theory, where
these restrictions should not be applied, since other assumptions, such as normal distribution of
the data, are those actually needed. Townsend and Ashby [391] replied back showing cases where
performing operations inadmissible for a given scale of measurement may mislead the conclusions
drawn by statistical tests. O’Brien [296] discussed the type of errors introduced when using ordinal
data for representing an underlying continuous variable, classifying them into pure transformation
errors, pure categorization errors, pure grouping errors, and random measurement errors. Velleman
and Wilkinson [401] summarized the previous debate and argumented that once you are in the

32Note that when we talk about admissible operations, we mean operations between items of the scale. So, for example, a
mean involves summing items of the scale, e.g., temperature, and this is possible on an interval scale. The fact that a mean
also requires a division by the number 𝑁 of items added together is not in contrast with saying that only addition and
subtraction are allowed, since 𝑁 is not an item of the scale.
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numerical realm every operation is admissible among numbers. Recently, Scholten and Borsboom
[355] made a case of flaws in the original Lord’s argument and, as a striking consequence, Lord’s
experiment would not be a counterargument to Stevens’s restrictions but it would rather comply
with them. In a very recent textbook, Sauro and Lewis [351] firmly supported Lord’s view, at least
in the case of ordinal scales, but with the caveat to not make claims on the outcomes of a statistical
test that violate the underlying scale. So, for example, if you are on ordinal scale and you detected
a significant effect using a test which would require a ratio scale, you should not claim that that
effect is twice as big as another effect but just that it is significant.

7.5 Statistical Significance Testing
Siegel [360] and Senders [358] have discussed the implications of Stevens’ classification and per-
missible operations in the case of statistical inference and parametric and nonparametric statistical
significance tests. We consider the following tests:
• Sign Test: it requires samples to be on an ordinal scale, since it needs to determine the sign
of their difference or, equivalently, which one is greater.
• Wilcoxon Rank SumTest (or Mann-Whitney U Test): it requires samples to be on an ordinal
scale, since it needs to order them for determining their rank.
• Wilcoxon Signed Rank Test: it requires samples to be on an interval scale, since it regards
the ranks of the differences, for which intervals must be equi-spaced.
• Student’s t Test: it requires samples to be on an interval scale, since it needs to compute
means and variances.
• ANOVA: it requires samples to be on an interval scale, since it needs to compute means and
variances.
• Kruskal-Wallis Test: it requires samples to be on an ordinal scale, since it needs to order
them for determining their rank.
• Friedman Test: it requires samples to be on an ordinal scale, since it needs to order them for
determining their rank.

As in the case of Stevens’ permissible operations, defining which statistical significance tests
should be permitted on the basis of the scale properties of the investigated variables raised a lot of
discussion and controversy. Anderson [23], along the line of reasoning of Lord, argued that statistical
significance tests should be used regardless of scale limitations. Gardner [172] summarizes much of
the discussion up to that point, leaning towards not worrying too much about scale assumptions.
Gardner suggests that, if and when lack of compliance to measurement scale requirements biases
the outcomes of significance tests, transformations can be applied to turn ordinal scales into more
interval-like ones. For example, averaging the ranks of each score, as proposed by Gaito [169], or
using a more complex set of rules, as developed by Abelson and Tukey [1]. Ware and Benson [419]
replied to Gardner’s positions by further revising the pro and con arguments and concluding that
parametric significance tests should be used only when dealing with interval and ratio scales while,
in the case of ordinal scales, nonparametric significance tests should be adopted. Townsend and
Ashby [391] further investigated the issue, highlighting some serious pitfalls you may fall in, when
ignoring the scale assumptions.
We can summarise the discussion with the conclusions of Marcus-Roberts and Roberts [271,

p. 391]:
The appropriateness of a statistical test of a hypothesis is just a matter of whether the
population and sampling procedure satisfy the appropriate statistical model, and is not
influenced by the properties of the measurement scale used. However, if we want to
draw conclusions about a population which say something basic about the population,
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rather than something which is an accident of the particular scale of measurement used,
then we should only test meaningful hypotheses, and meaningfulness is determined
by the properties of the measurement scale in connection with the distribution of the
population.

and Hand [186, p. 471]:
Restrictions on statistical operations arising from scale type are more important in
model fitting and hypothesis testing contexts than in model generation or hypothesis
generation contexts.

7.6 Why the Measurement Theory Matters to IR Evaluation?
The measurement theory and permissible operations affect IR evaluation in different ways. We
present some of them next.

Averaging System Performance. The most common and basic operation we perform to understand
whether a system 𝐴 is better than a system 𝐵 is to average their performance over a set of topics
and compare these aggregated scores. According to Stevens’s prescriptions, this would require IR
evaluation measures to be, at least, interval scales. As it happened for other areas over the decades
(see Section 7.4), this prescription originated a lot of debate in IR as well.

Robertson [321] was the first to discuss the admissibility of the use of the geometric mean from
the Stevens’s perspective in the context of the TREC Robust track. In particular, Robertson focused
on the fact that Mean Average Precision (MAP) and Geometric Mean Average Precision (GMAP) may
lead to different conclusions – e.g., blind feedback is beneficial according to MAP but detrimental
according to GMAP. In this respect, Robertson [321, p. 80] observed that:

If the interval assumption is not valid for the original measure nor for any specific
transformation of it, then any monotonic transformation of the measure is just as good
a measure as the untransformed version. If we believe that the interval assumption is
good for the original measure, that would give the arithmetic mean some validity over
and above the means of transformed versions. If, however, we believe that the interval
assumption might be good for one of the transformed versions, we should perhaps
favour the transformed version over the original. But if there is no particular reason to
believe the interval assumption for any version, then all versions are equally valid. If
they differ, it is because they measure different things.

Since both AP and the log-transformation of AP (implied by the geometric mean) are not interval
scales, Robertson concluded that no preference could be granted to MAP or GMAP in terms of
(intrinsic) validity of their findings. In this way Robertson takes a neutral stance with respect to
the debate on whether certain operations should be permitted or not on the basis of the scale
properties.

Fuhr [168] took a firm position about averaging and, in particular, argued that Mean Reciprocal
Rank (MRR) [364] should not be computed because:
(1) in general, RR is just an ordinal scale and, according to Stevens means cannot be computed

for a ordinal scales;
(2) in particular, RR has some counter-intuitive behaviour.

On the other hand, Sakai [341] disagreed with Fuhr:
(1) in general, on the fact thatmeans should not be computed for an ordinal scale, using arguments

similar to those discussed in Section 7.4;
(2) in particular, on the use of RR which Sakai finds quite useful from a practical point of view.
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Ferrante et al. [141, 143, 145] used the representational theory of measurement to formally model
IR evaluation measures (see Section 7.7 for a brief summary of it), showing that most IR measures
are not an interval scale. Ferrante et al. [136, 139] conducted extensive experimentation to assess
the impact on averaging, and other operations, when IR measures depart from being an interval
scale. Moffat [283] questioned the idea that most IR measures are not interval scales, advocating for
the existence of interval scales which are not equi-spaced and, in turn, would allow for modelling,
among other, RR and its averaging. Ferrante et al. [137] replied to Moffat’s arguments not entering
in the discussion on whether RR should be used or not but rather clarifying how the framework
provided by the representational theory of measurement works, what are its implications in terms
properties of the scales and operations over them, and why it would be worth to delve deeper into
its applications to IR. Moffat [284] then reiterated his arguments in support of RR and averaging.
Giner [176] further advanced the formalization of IR measures through the representational theory
of measurement, confirming the theoretical results by Ferrante et al. [145] and highlighting some of
their limitations, and framed this debate in the difference of views between what Michel [277, 278]
calls a representational paradigm versus an operational paradigm.

As already anticipated above, the purpose of this section is neither to take a position in support
of any of these stances nor to prescribe to use/to not use any evaluation measure. The objective
is rather to provide readers with an understanding of the fundamentals of the representational
theory of measurement, so that they can appreciate the different angles and issues entailed by
measuring in IR and, potentially, further advance the knowledge in this area. Moreover, this debate
is an interesting and useful example of how knowledge creation in research and science does not
necessarily proceed along a straightforward path, which is the impression you might have when
studying theories and models once they have been consolidated over the years, but, on the contrary,
it may originate and evolve by means of discussions and rather different opinions.

Statistical Significance Testing. Statistical significance testing has a long story of adoption and
investigation in IR, from the early uses of t-test reported by Salton and Lesk [345], to the discussion
on the compliance with the distribution assumptions of significance tests by van Rijsbergen [399],
to advocating for a more wide-spread adoption of different types of significance tests by Carterette
[68], Hull [208], Sakai [335], Savoy [352], to surveys on the current state of adoption of significance
tests by Sakai [337]. Again, according to the discussion in Section 7.5, we should use parametric or
nonparametric tests in accordance with the scale properties of the adopted IR evaluation measures
or, at least, be conscious and highlight the limitations that violating these assumptions may produce.

Score Standardization. Several authors have proposed the use of score transformation and standard-
isation techniques, such as z-score by Webber et al. [420] and other types of linear (and non-linear)
transformations by Sakai [336], Urbano et al. [396], in order to compare performance across col-
lections and to reduce the impact of few topics skewing the performance distribution. However,
according to Stevens’s prescriptions, at least an interval scale would be required to perform such
transformations.

Topic Difficulty. Topic difficulty [66] is another central theme in IR because of its importance for
adapting the behaviour of a system to the topic at hand. Voorhees [403, 405], in the TREC Robust
tracks, explored how to evaluate and compare systems designed to deal with difficult topics and
proposed to use the geometric mean, instead of the arithmetic one, for Average Precision (AP) [60].
However, the use of a geometric mean further raises the requirements for the evaluation measures,
even calling for a ratio scale.
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7.7 A Formal Theory of IR Evaluation Measures
7.7.1 Early Attempts. van Rijsbergen [398] was the first to tackle the issue of the foundations
of measurement for IR by exploiting the representational theory of measurement. He observed
that [398, pp. 365–366]

The problems of measurement in information retrieval differ from those encountered
in the physical sciences in one important respect. In the physical sciences there is
usually an empirical ordering of the quantities we wish to measure. For example, we
can establish empirically by means of a scale in which masses are equal, and which are
greater or lesser than others. Such a situation docs not hold in information retrieval.
In the case of the measurement of effectiveness by precision and recall, there is no
absolute sense in which one can say that one particular pair of precision/recall values is
better or worse than some other pair, or, for that matter that they are comparable at all.

Later on, van Rijsbergen [400, p. 33] further stressed this issue: “There is no empirical ordering
of retrieval effectiveness and therefore any measure of retrieval effectiveness will be by necessity
artificial”.
van Rijsbergen addressed this issue by exploiting the additive conjoint measurement [238, 262].

Additive conjoint measurement was a new part of the measurement theory developed as a reaction
to the views of Campbell [64, 65] and the conclusions of the Ferguson Committee of British
Association for the Advancement of Science [135], where Campbell was an influential member.
The committee considered the additive property, i.e., the concatenation operation mentioned in
Section 7.1, as fundamental to science and proper measurement. As a consequence, measurement
of psychological attributes, which is lacking such additive property, was not possible in a proper
scientific way. As explained by Michel [278, p. 67]

Conjoint measurement involves a situation in which two variables (𝐴 and 𝐵) are
noninteractively [e.g., non additively] related to a third (𝑋 ). It is not required that any
of the variables be already quantified, although it is necessary that the values of 𝑋
be orderable, and that values of 𝐴 and 𝐵 be independently identifiable (at least at a
classificatory level). Then, via the order on 𝑃 , ordinal and additive relations on 𝐴, 𝐵,
and 𝑋 may be derived

Typical examples from physics are the momentum of an object, which is affected by its mass and
velocity, or the density, which is affected by its mass and volume [238].

van Rijsbergen considered retrieval effectiveness as the “orderable 𝑋 ” mentioned above and took
precision 𝑃 and recall 𝑅 as the two variables 𝐴 and 𝐵. In particular, he demostrated that on the
relational structure (𝑅 × 𝑃,¥) it was possible to define an additive conjoint measurement and to
derive actual measures of retrieval effectiveness from it. Note that, in this way, he avoided the
need to explicitly define what an ordering by retrieval effectiveness is and he considered that
precision and recall contribute independently to retrieval effectiveness. The problem of how to
order runs in the ERS has been addressed some years later by Ferrante et al. [141, 143, 145]. More
subtly, van Rijsbergen treats precision and recall as two attributes which can be jointly exploited to
order retrieval effectiveness but, each of them, is already a measure and quantification of retrieval
effectiveness and, thus, this brings some circularity in the reasoning.

Bollmann and Cherniavsky [43, 44] built on the conjoint measurement work by van Rijsbergen
and applied it to further study under which conditions the MZ-metric [194]. In particular, Boll-
mann and Cherniavsky leveraged what they called transformational viewpoints, i.e., elementary
transformations of the runs.
In the case of set-based measures, Bollmann [42] showed that measures complying with a

monotonicity and an Archimedean axiom are a linear combination of the number of relevant
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retrieved documents and the number of not relevant not retrieved documents. Bollmann further
showed how this could be related to collections and sub-collections.

7.7.2 Current Studies. Ferrante et al. [141, 143, 145] leveraged the representational theory of mea-
surement for developing a formal theory of IR evaluation measures, which allows us to determine
the scale properties of an evaluation measure. In particular, they defined an ERS for system runs and
used two basic operations to determine an ordering of runs. The two basic operations are swap, i.e.,
swapping a relevant with a not-relevant document in a ranking, and replacement, i.e., substituting
a relevant document with a not-relevant one. In this way, they demonstrated that there exists a
partial order of runs such that: when runs are comparable, all the measures agree on the same way
of ordering them; however, when runs are not comparable, measures may disagree on how to order
them. By using properties of the partial orders and theorems from the representational theory of
measurement, they were able to define an interval scale measure 𝜙 . Moreover, they check whether
there is any linear transformation between such measure 𝜙 and IR evaluation measures, in order to
determine if the latter are interval scales too.

In particular, with respect to the identified order of runs, Ferrante et al. have defined the following
interval scale measures:
• the Set-Based Total Order (SBTO) measure

SBTO(𝑟 ) =
𝑁∑︁
𝑖=1

(
𝑟𝑡 [𝑖] + 𝑁 − 𝑖
𝑁 − 𝑖 + 1

)
where 𝑁 is the length of the run;
• the Rank-Based Total Order (RBTO) measure

RBTO(𝑟 ) =
𝑁∑︁
𝑖=1

𝑟𝑡 [𝑖] (𝑐 + 1)𝑁−𝑖

where 𝑁 is the length of the run and 𝑐 is the total number of relevance degrees.
By leveraging these measures and with respect to the identified order of runs, Ferrante et al.

found that, for a single topic:
• set-based evaluation measures:
– binary relevance: precision, recall, F-measure are interval scales;
– multi-graded relevance: Generalized Precision (gP) and Generalized Recall (gR) are interval
scales only if the relevance degrees are on a ratio scale;

• rank-based evaluation measures:
– binary relevance: Rank-Biased Precision (RBP) [288] is an interval scale only for 𝑝 = 1/2;
Average Precision (AP) is not an interval scale;

– multi-graded relevance: Graded Rank-Biased Precision (gRBP) is an interval scale only for
𝑝 = 𝐺/(𝐺 +1), where𝐺 is the normalized smallest gap between the gain of two consecutive
relevance degrees, and the relevance degrees themselves are on a ratio scale; Discounted
Cumulated Gain (DCG) [214] and Expected Reciprocal Rank (ERR) [70] are not interval
scales.

Ferrante et al. [136] point on how the main reason for IR measures not being interval scales is
that they are not equi-spaced. In this respect, Figure 19 shows how different measures – namely,
Precision (and Recall33), AP, RR, RBP with 𝑝 ∈ {0.3, 0.5, 0.8}, and DCG with log base 2 – order and
space all the possible runs of length 𝑁 = 4 assuming a recall base 𝑅𝐵 = 4.
33Note that in this specific case Precision and Recall yield to the same scores because the length of the run 𝑁 = 4 and the
recall base 𝑅𝐵 = 4 are the same.
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Fig. 19. Ordering and spacing of the all the possible runs of length 𝑁 = 4 by different evaluation measures.
Each blue square corresponds to a score of a given measure. On the right of the square, the run corresponding
to that score is reported; in case of tied runs, i.e., runs for which the measures produces the same score, they
are all listed on the right of the square.

We can observe that only Precision (Recall) and RBP with 𝑝 = 0.5 produce equi-spaced values,
while all the other measures violate this assumption, required to obtain an interval scale. We can
also notice how IR measures behave differently in violating the equi-spacing assumption. RBP
with 𝑝 ∈ {0.3, 0.8} and DCG follow a somehow regular pattern, where scores are not equi-spaced
but they are in some way evenly clustered and they are symmetric if you fold the figure along
its middle horizontal axis. On the other hand, AP and RR follow a much more irregular and not
symmetric pattern.
We can also note how these measures spread values in their range differently. Precision (and

Recall) and DCG spread their values all over the possible range while this is not always the case with
RBP. Indeed, RBP assumes runs of infinite length and normalizes by the 1

1−𝑝 factor. However, we deal
with runs of limited length and the 1

1−𝑝 factor is an overestimation, the bigger the overestimation
the bigger is the value of 𝑝 and the smaller is the length of the run – this is more clearly visible in the
case of RBP with 𝑝 = 0.8 in Figure 19f. Finally, AP, RBP with 𝑝 = 0.3, and RR, i.e., those measures
farther from being interval scales, leave large portions of their possible range completely unused.
In particular, AP leaves one quarter of its range unused, in the top part roughly corresponding
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Table 3. Tukey HSD test using the Kruskal-Wallis test and ANOVA. Each cell contains the number of
significantly different pairs detected and, within parenthesis, the ratio with respect to the total number of
system pairs.

Set-based measures, Binary Relevance – T08, 8,256 system pairs compared
Significantly Different Pairs

Measure Pair Kruskal-Wallis Test ANOVA
Precision 1,566 (18.97%) 2,785 (33.73%)
Recall 1,748 (21.17%) 3,259 (39.47%)
F-measure 1,721 (20.85%) 3,081 (37.32%)
SBTO 1,566 (18.97%) 2,785 (33.73%)
Rank-based measures, Binary Relevance – T08, 8,256 system pairs compared

Significantly Different Pairs
Measure Pair Kruskal-Wallis Test ANOVA
RBP 𝑝 = 1/2 1,677 (20.31%) 2,861 (34.65%)
RBP 𝑝 = 0.2 1,675 (20.29%) 2,198 (26.62%)
RBP 𝑝 = 0.8 1,783 (21.60%) 3,476 (42.10%)
AP 1,824 (22.09%) 3,320 (40.21%)
RBTO 1,677 (20.31%) 2,861 (34.65%)

to the first quartile of the possible values; RR leaves one half of its range unused, in the top part
roughly corresponding to the first and second quartiles of the possible values; and, finally, RBP
with 𝑝 = 0.3 leaves half of its range empty, in the middle part roughly corresponding to the second
and third quartile of the possible values.
Giner [176] further advances the application of the representational theory of measurement to

IR evaluation measures, by deepening the axiomatization of orderings of runs in the empirical
world, which he calls Axiomatic Model of Preferences (AMP), from the view point of the lattice
theory [111, 180], and by studying the structural properties of these AMPs, how IR measures can
be defined over them, and their derived properties.

7.8 Implications on statistical significance testing
Ferrante et al. [139] conducted a preliminary investigation on the impact on violating (or not) the
scale assumptions for statistical significance tests. They considered the Kruskal-Wallis test, which is
suitable for both ordinal and interval scales, and ANOVA, which is suitable only for interval scales.
Being a parametric test, ANOVA is more powerful than the Kruskal-Wallis test and, generally
speaking, it is able to spot more differences among the compared systems. They applied the Tukey
HSD correction to both Kruskal-Wallis test and ANOVA in order to properly deal with multiple
comparisons.

Table 3 reports the results of the Tukey HSD test and the number of significantly different pairs
detected for both the Kruskal-Wallis test and ANOVA for different evaluation measures.
All the set-based measures are on an interval scale and so they are suitable for being used

with both the Kruskal-Wallis test and ANOVA. We can observe that, as expected, they all detect a
comparable number of significantly different pairs and that this number increases when ANOVA is
used, since it is a more powerful test than Kruskal-Wallis.
In the case of rank-based measures, RBTO and RBP with 𝑝 = 1/2 are interval scales and they

match the scale assumptions behind both the Kruskal-Wallis test and ANOVA. RBP with 𝑝 = 0.2 is
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an ordinal scale and, therefore, it matches the scale assumptions for the Kruskal-Wallis test, but not
for ANOVA. We can note how, in the case of the Kruskal-Wallis test, it detects more or less the
same number of significantly different pairs while for ANOVA, being provided with a less powerful
scale than the one assumed, it detects less significantly different pairs. When it comes to RBP with
𝑝 = 0.8 and AP, they are neither ordinal nor interval scales and we can observe that they detect a
higher number of significantly different pairs.

Overall, this preliminary study suggests that violating the scale assumptions may have an impact
on the number of significantly different pairs detected.

7.8.1 Other Studies. Busin andMizzaro [62], Maddalena andMizzaro [265] and Amigó andMizzaro
[21] proposed a unifying framework for ranking, classification, and clustering measures, which
is rooted in the representational theory of measurement as well. They considered scales but as a
way of mapping between relevance judgements (assessor scales) and Retrieval Status Value (RSV)
(system scales). Moreover, they introduced axioms over measures, instead of studying which are
the scales actually used by IR evaluation measures and their impact on actual experiments. Amigó
et al. [17] investigated the formal definition and properties of measures for data mining tasks while
Amigó et al. [15] focused on measures for fairness in a Recommender Systems scenario.

Even if not specifically focused on scales and their relationship to IR evaluation measures, there is
a bulk of research on studying which constraints define the core properties of evaluation measures:
Amigó et al. [16, 18–20, 22] and Sebastiani [357] face this issue from a formal and theoretical point
of view, applying it to various tasks such as ranking, filtering, diversity and quantification, while
Moffat [282] adopts a more numerical approach.

8 TRENDS AND RESEARCH ISSUES
As it emerges from the previous sections, it is plenty of open research issues about experimental
evaluation: how to improve pooling; how to develop evaluation measures which incorporate
credible and realistic user models; how to bridge the gap between offline and online evaluation and
develop offline measures able to predict online user behaviour; how to improve A/B testing and
interleaving; and, how to avoid bias in online evaluation, just to mention a few possibilities.
However, in this section, we would like to emphasize four fundamental problems which are

central to the scientific method and transversal to all the topics which have been discussed in this
chapter, namely evaluation of complex tasks, reproducibility, meaningfulness, and Large Language
Models (LLMs) and generative Artificial Intelligence (AI).

Evaluation of Complex Tasks. Evaluationmeasures rely on the notion of relevance, i.e., the pertinence
of a document to the user’s information need. Although being intuitive, the concept of relevance is
rather complex and highly subjective, since only the final user can determine whether a document
is relevant or not. A number of studies investigated the concept of relevance [47, 99, 281, 350],
concluding that relevance is multidimensional and dynamic. Moreover, depending on the task and
the application domain, some aspects might be more important than other.
The multidimensional nature of relevance calls for new evaluation measures and frameworks

able to account for multiple criteria simultaneously [268]. For example, in the consumer health do-
main, a good IR system should promote relevant, credible, and correct information while avoiding
misinformation, i.e., relevant, credible, but incorrect information. The TREC Health Misinfor-
mation Track [3, 89] exploited measures such as Convex Aggregating Measure (CAM) [255], the
Multidimensional Measure (MM) [304] framework and Compatibility [84, 91] to account for rel-
evance, credibility and correctness simultaneously. Similarly, CLEF e-health [177, 178, 231, 377]
exploited Understandability-biased Rank-Biased Precision (uRBP) [436] to account for both topicality,
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i.e., relevance, and understandability of the retrieved documents, and Credibility-biased Rank-Biased
Precision (cRBP), to account for topicality and credibility.
The availability of log data allows to personalize the evaluation process, i.e., personalized rele-

vance judgements are inferred from log data. This calls for an evaluation framework for Personalized
Information Retrieval (PIR) systems able to incorporate aspects such as context, user satisfaction
and/or perception, usability, etc. [291, 381]. Many approaches are user centered, i.e., they exploit
user studies to evaluate the overall quality of the system [229]. These can be validated with log
based approaches, accounting for variables such as the dwell time, return rate, etc. [244]. A middle
solution between user studies and log data is to simulate the user behaviour, for example White
et al. [423] generated simulated search paths corresponding to different search scenarios.
Finally, bias and fairness represent further aspects that are important to consider during the

evaluation process, especially when personalization or log data are used in the evaluation process.
In recent years, ML models have been widely exploited in decision-making, resulting in the con-
sequential decisions being biased or unfair towards specific groups [280]. IR is not an exception,
since increasingly complex ML models are used to automatically rank documents. In the IR context,
fairness has been defined in terms of fair exposure: items should receive an amount of attention
proportional to their worthiness, which can be estimated with relevance [40]. Singh and Joachims
[363] assume that exposure mostly depends on the rank position where a document is displayed.
They propose a probabilistic framework to define fairness of exposure, thus to determine when a
disparate treatment occurs and measure its extent. On a similar line of work, the TREC Fair Ranking
track [38, 39] aims at designing an evaluation protocol for fair ranking. To measure individual
and group exposure, the track organizers exploited expected exposure [119], a modification of the
cascade user model behind ERR (see Section 5.1).

Reproducibility. Whatever your (philosophical) stance about what science is [240, 308, 310], there
is wide agreement that experimentation is at the core of the modern scientific method and that
the possibility of carrying out the (same) experiments more than once is central to science in
terms of validation and confirmation of the findings. Moreover, the fourth paradigm [197] opened
a completely new way of making scientific discoveries, based on computational and data-intensive
approaches, where experimentation originated by computation is getting even more prominent.

We are today facing the so-called reproducibility crisis [32, 299] across all areas of science, where
researchers fail to reproduce and confirm previous experimental findings. This crisis obviously
involves also the more recent computational and data-intensive sciences [162, 293], including hot
areas such as artificial intelligence and machine learning [174]. For example, Baker [32] reports that
roughly 70% of researchers in physics and engineering fail to reproduce someone else’s experiments
and roughly 50% fail to reproduce even their own experiments.

IR is not an exception and researchers are paying more and more attention to what the repro-
ducibility crisis may mean for the field [147–149, 151], even more with the raise of the new deep
learning and neural approaches [101, 146].

Even in themost favorable context of offline evaluation andCranfield-based evaluation campaigns,
where repeatability of experiments should be taken for granted, several issues arise, among which: it
is often difficult (if not impossible) to re-run someone else’s experiments, even if the full source code
is available, because of, e.g., not properly described deep tunings; if an approach relies on online
resources, like Wikipedia, or ephemeral resources, like tweets, it becomes practically unfeasible to
re-run exactly the same experiment; it is even more difficult to know whether an observed effect
will still hold if you change topics, document corpora, or both. This situation is even harder in the
case of industrial data [63] or user-oriented evaluation where, just to name a few, sensitivity and
privacy concerns, differences among user cohorts, the impossibility of recreating experimental
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data arise. And least but not last, how do we know when reproduced is reproduced? The current
attitude is some sort of “close enough”: researchers put any reasonable effort to understand how
an approach was implemented and how an experiment was conducted and, after some (several)
iterations, when they obtain performance scores which somehow resemble the original ones, they
decide that an experimental result is reproduced. Breuer et al. [53, 54] and Maistro et al. [267] have
started to investigate this issue and proposed some objective measures to quantify reproducibility
but this applies just to offline evaluation while the issue becomes more and more challenging as
you move towards user-oriented evaluation and interactive IR.

Meaningfulness. In Section 7, we presented the foundations of measurement, the notion of scale
properties, the consequent limitations to the performed operations and statistical tests, and how all
of this matters and affects IR evaluation. In Section 7, we also discussed how much these limitations
have been debated over the decades, both within and outside IR, and how there is not definitive
agreement on whether you should stick with them or not.

However, both Hand [186] and Michel [277, 278] argued that the problem is not what operations
you can perform with numbers but what kind of inference you wish to make from those operations
and how much such inference has to be indicative of what actually happens among real world
objects. Already Adams et al. [4, pp. 99-100] explicitly stated that:

Statistical operations on measurements of a given scale are not appropriate or inappro-
priate per se but only relative to the kinds of statements made about them. The criterion
of appropriateness for a statement about a statistical operation is that the statement be
empirically meaningful in the sense that its truth or falsity must be invariant under
permissible transformations of the underlying scale34.

These statements opened the way to the development of a full (formal) theory of meaningful-
ness [133, 292, 320], which is a central concept to clearly shape and define the questions discussed
above: according to the adopted measurement scales, what processing, manipulation, and analyses
can be conducted and what can we tell about the conclusions drawn from such processing?
As observed by Ferrante et al. [136, 137], whatever stance you wish to take about whether (or

not) operations should be constrained by scale properties, from the discussion so far, it clearly
emerges that IR needs further and systematic investigation about the implications and impact
of derogating from compliance with scale properties. Moreover, most of the debate is just about
averaging values and does not tackles the implications for statistical significance testing. Finally, and
more importantly, we completely lack a thorough discussion on and any adoption of the notion of
meaningfulness in IR and this is quite striking for a discipline so strongly rooted in experimentation
and so much based on inference.

Large Language Models and Generative AI. Generative LLMs, both proprietary such as Generative
Pre-trained Transformer (GPT) [300, 302], and open source such as Large Language Model Meta
AI (LLaMA) [389, 390] and its derivatives [76, 384] are being successfully applied to a wide range
of different tasks, covering multiple media and modalities. As a consequence, they are gaining
more and more attention from researchers, industry, and also the general public and prompting,
i.e. seeking for a a textual input and instructions which make a LLM perform the desired task, has
become a new area of investigation. Obviously, LLMs have an impact also on evaluation since they
call for two fundamental questions: (i) how can we evaluate their quality, reliability, reasoning
capabilities and more? and, (ii) how can we employ them to improve our evaluation methodologies?

34For example, the statement “A mouse weights more than an elephant” is meaningful even if it is clearly false; indeed, its
truth value, i.e., false, does not change whatever weight scale you use (kilograms, pounds, and so on).
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When it comes to the first question, current evaluation procedures tend to consider commonsense
reasoning [41, 83, 112, 279, 333, 380, 433], world knowledge [219, 243], reading comprehension
[77, 82], math capabilities [95], and coding tasks [74]. Some popular aggregated benchmarks
are Massive Multitask Language Understanding (MMLU) [195], BIG-Bench Hard (BBH) [374] and
Artificial General Intelligence (AGI) Eval [434]. Chen et al. [73], developed a dataset, in both Chinese
and English, to evaluate how well LLMs avoid to hallucinate by exploiting Retrieval-Augmented
Generation (RAG) [250]. RAG is a two-step technique where, in the first step, an IR system retrieves
snippets relevant to a user query and, in the second step, these snippets are used to augment the
prompt to the LLM. Along these lines, Gao et al. [171] developed a datasets for evaluating how well
LLMs generate text with citations, improving their factual correctness and verifiability. Kamalloo
et al. [221] proposed a dataset for building end-to-end generative information-seeking models that
are capable of retrieving candidate quotes and generating attributed explanations. Rashkin et al.
[317] developed a dataset and a two-stage annotation pipeline to evaluate attribution of LLMs. On
a slightly different stance, Gienapp et al. [175] proposed a general framework for what they called
generative ad-hoc IR, blending together, in possibly multi-turn iterations, RAG and retroactively
retrieving references for a generated statement, similarly to claim verification.
Large-scale evaluation campaigns have started to focus on LLMs, as well, organizing specific

tasks focused on their evaluation. TREC 2024 is exploring LLMs mainly in three tracks: (i) the
NeuCLIR track on neural cross-language IR organizes a task on query-driven report generation, in
a RAG-like fashion and in a multilingual document setting; the new biomedical generative retrieval
track explores different combinations of generative LLM and RAG in a biomedicine scenario; finally,
the new RAG track specifically focuses on developing effective and trustworthy methodologies
for the evaluation of RAG systems. CLEF 2024 investigates LLMs in two labs. The ELOQUENT
lab35 [224] assesses certain quality aspects of content generated by LLMs, seeking answers to the
following questions: can an LLM assess itself if it is capable to process data in some application
domain of interest? Can an LLM be used to evaluate the output of other LLMs to detect hallucinated
or factually incorrect information? Will an LLM output the same content independent of input
variation which is equivalent in content but non-identical in form or style? Can an LLM be used to
detect if some piece of text is written by a human author or generated by an LLM? The Monster
Track lab36 [150] focuses on the versatility of LLMs: it acts as a meta-challenge across a selection
of tasks chosen from other evaluation labs running in CLEF by asking participants to develop a
generative AI or LLM-based system that is run against all these tasks with no or just minimal task
adaptation.

When it comes to the second question, i.e. how LLMs can be employed for improving IR evaluation
methodologies, Thomas et al. [386] used LLMs to deploy large-scale relevance labelling at Bing,
observing that LLMs can be effective, with accuracy as good as human labellers, but finding
that changes in the prompt, even simple paraphrases, can impact on accuracy. As part of the
outcomes of the Dagstuhl Seminar 23031 on “Frontiers of Information Access Experimentation
for Research and Education” [35, 36], Faggioli et al. [129, 130] discuss possible ways for LLMs to
support relevance judgments along with the concerns and issues that arise, foreseeing a full human–
machine collaboration spectrum which ranges from fully automated relevance judgments via LLM

35https://eloquent-lab.github.io/
36https://monsterclef.dei.unipd.it/
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to fully manual ones, and revamping a long-standing discussion in the field about automated
relevance judgement creation [326].

Overall, all these issues – evaluation of complex tasks, reproducibility, meaningfulness, and
evaluation of and with LLMs – go back to one of the core questions for IR experimental evaluation,
discussed in Section 2.1: what is the quality, validity, and generalizability of our experimental
findings? We should keep striving to properly answer them.
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