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17
The User Perspective in Professional

Information Search
Suzan Verberne

17.1 Introduction

Information retrieval (IR) is the research field that addresses the development,
optimization, and evaluation of search engines and the study of how humans
interact with search engines. Traditionally, search systems were investigated
in the context of libraries and librarians (Harman et al., 2019), but the main
focus of the field since the 1990s has been on Web search engines that serve an
immense target audience (e.g., Google).
A large part of IR research is involved in the development of ranking

optimization methods – a machine learning – driven task. But the field has
never lost sight of the user perspective (Croft, 2019; Ingwersen and Järvelin,
2005). The human is central in the information search process because the
user formulates queries, views the retrieved documents, judges their relevance,
and decides when to stop searching (Maxwell, 2019). The user’s perspec-
tive on information is important in the IR process in two different ways:
(1) the user formulates a search query based on their own perspective of
the task at hand and the required information; and (2) the user assesses
the results returned by the search engine for relevance to their information
need. Depending on the user’s perspective, a document could be relevant or
irrelevant to the entered query. Although the user acts from their personal
perspective, the search engine only sees the user’s interactions: the entered
queries and the clicked documents. For example, consider a user entering the
query “Rembrandt Leiden” in a Web search engine. The perspective of the
user could be a historical one, searching information about Rembrandt van
Rijn’s youth in Leiden. It could also be a touristic perspective, searching for
Rembrandt locations in Leiden that are worth visiting. Or maybe the user’s
goal is simply to navigate to the Web page of the restaurant Rembrandt in
Leiden.
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In this chapter, we use the term perspective in the context of IR to refer to
all user aspects that lead to the formulated query and the assessment of the
results: the user’s interest, background information, current task context, and
information need.
Because of the central role of the user in IR, it feels natural to take the indi-

vidual user’s perspective into account in the development of search engines.
Current search engines use a form of personalization in the ranking of the search
results, adapting the ranking for a small portion of the search results. This form
of personalization could, for example, accommodate for local search, ranking
search results from locations close to the user higher than results that are further
away (Hannak et al., 2013). But the large majority of the search results in Web
search engines are in fact user-independent: each user receives the same results
without any personalization. The ranking is strongly effected by the popularity
of pages – estimated by the clicks of other users (Joachims et al., 2005). This
is effective for commonWeb search tasks but not for the highly specific search
tasks performed in professional contexts.
Professional search is the searching carried out by experts for work pur-

poses (Russell-Rose et al., 2018; Verberne et al., 2019a). Or, in the words of
Russell-Rose et al., based on Tait (2014):

Professional search focuses on the work of paid professionals who are undertaking
a work task that is predominately search-related and performed under a number of
constraints such as budget and time. (Russell-Rose et al., 2018)

Professional search is a relatively small area of research in the IR field, but
it has been recognized as an important application domain that is challenging
because of the specific needs of professional search engine users (Russell-
Rose et al., 2018; Salampasis et al., 2013; Verberne et al., 2018b, 2019b).
Personalization of search results could potentially increase the effectiveness of
professional search, but when developing these methods, we should be aware
that professional users – more than users in generic Web search – need to be
in control of the search process and must be able to trust the system to provide
them with reliable information. Thus, transparency of the retrieval system is
essential in this context.
This chapter addresses the user perspective in professional search. In Sec-

tion 17.2we introduce professional search as a research area. In Section 17.3we
discuss relevant work on personalization in information retrieval.We then sum-
marize the recent studies addressing explainable search and recommendation
in Section 17.4, and in Section 17.5 we give an outline for research directions
in the near future, aiming at explainable professional search that makes the user
perspective central in the search process.
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17.2 Professional Search

Professional searchers, such as lawyers, information specialists, policy officers,
architects, and scholars, need to process increasing amounts of documents to
find relevant, complete, high-quality, work-related information (Bawden and
Robinson, 2009; Sappelli, 2016).
In the common Web search paradigm, as implemented by search engines

such as Google and DuckDuckGo, result ranking largely relies on popularity
of Web pages: the more hyperlinks from popular pages link to a document,
and the more often a document is clicked for a given query, the higher it
is ranked in future searches (Joachims et al., 2005). For example, soon after
Wikipedia became popular on the Web, Wikipedia pages started to end up on
the top of the list on Google result pages for many queries – and this is still
the case (DuckDuckGo, 2020). In day-to-day Web search, many users have the
same information needs, and therefore popularity is a relevant ranking criterion.
A problem that arises when this popularity-driven paradigm is applied to

work-related search is that the most popular documents are often not the most
relevant documents for the individual user in their current search task. The
differences between professional information search and generic Web search
can be summarized in three important aspects:

l The search tasks of professionals are complex, that is, highly specific and
typically recall-oriented: the searchers want to be sure that they have found
all the relevant information (Kim et al., 2011; Mason, 2006);

l The searching is not limited to sending one query and clicking one result,
but is often exploratory by nature (He et al., 2013), and includes browsing,
analyzing (Makri et al., 2008), and re-finding previously used informa-
tion (Sappelli et al., 2017);

l Each user has their own individual needs: not only interests, expertise,
and information needs differ per user, but also the perceived relevance of
retrieved documents (Sun et al., 2008). The search evolves on the searcher’s
own knowledge.

Because the information needs in professional search are highly specific
and individual, the relevance of the results depends heavily on the user per-
spective. Therefore, the click data available from other users is limited and
irrelevant (Huang et al., 2016). Hence, result ranking cannot depend on pop-
ularity. An alternative is to use the searcher’s own history for improving the
search ranking. To achieve that, a user profile must be created and utilized
for personalized ranking (Micarelli and Sciarrone, 2004). This brings us to the
topic of personalized IR.
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17.3 Personalized IR

User profiling and personalization have been addressed extensively in IR
research (Ghorab et al., 2013). Approaches to user profiling and person-
alization typically learn user preferences by collecting queries and clicked
documents (Micarelli et al., 2007). A rich user profile can be learned by extract-
ing prominent terms from the clicked documents and storing them in a term
profile (Tang et al., 2010; Teevan et al., 2005). Often, the extracted terms are
connected to an existing domain knowledge base, for example, a legal thesaurus
or a medical ontology (Daoud et al., 2009; Speretta and Gauch, 2005). The term
“profile” can then be used to better help the user find relevant information.
One way to do that is to re-order the results based on similarity to the user

profile, where the documents that are in the interest field of the user are ranked
higher (Micarelli and Sciarrone, 2004). For identifying which documents are
relevant to the user profile, and which are not, it is sometimes necessary to
perform query disambiguation (Tanudjaja and Mui, 2002). Queries are often
short, and the user has a specific underlying intent in mind that is unknown
to the search engine. A classic example is the query “java,” which can refer
to either the island or the programming language. The user profile can help in
deciding which of the two meanings is more of interest to the user.
The user profile can also be used for personalized query expansion (Zhou

et al., 2012) – expanding the user with relevant terms based on the domain of
the user, or query suggestion (Leung et al., 2008; Verberne et al., 2015) – show-
ing terms to the user that are likely to be relevant additions to the query. For
example, when I enter the query “search behaviour” in Google Scholar (see
Figure 17.1), the first three results are about marine predator search behavior,
visual search behavior in expert soccer goalkeepers, and job search behavior.
Of course, as an IR researcher, I am interested in information search behav-
ior, and adding the word “information” to my query improves the relevance of
the search results. A query suggestion module could detect this and help me
improve my query; a query expansion module could in the background com-
pare my query with my user profile and add user-specific terms to my query
automatically.
Although all research cited here reports an improvement of personalization

over the non-personalized baseline, the actual implementation of personaliza-
tion strategies in search environments is limited: on average, only 11.7% of
Google Web Search results show differences due to personalization (Hannak
et al., 2013; Hannák et al., 2017). This is because users are wary when it
comes to personalization; they feel that their privacy is violatedwhen the search
engine uses their personal information. Privacy-preserving personalization is
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Figure 17.1 Example of personal relevance in academic search (Google Scholar).
(a) The query “search behaviour” gives results that are irrelevant for me; (b)
Google’s query suggestion functionality suggests specifications of my query. The
first suggestion is relevant to me; (c) If I search for “information search behaviour”
I receive relevant results. Google and the Google logo are trademarks of Google
LLC
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therefore an important societal topic (Karwatzki et al., 2017;Mittelstadt, 2016).
A crucial step in the development of privacy-secure systems is to make the
system transparent and explainable to the user (Holzinger et al., 2017). This is
further elaborated in the next section.
Transparency and explainability are even more important in work-related

contexts than in the Web search context: professional users do not want to feel
that they are losing control over the search process because the ranking of the
search results is not stable or not predictable (Russell-Rose et al., 2018).

17.4 Explainable Recommendation and Search

In artificial intelligence, explainability is an important means to address issues
with transparency and trust in black-box machine learning models (Adadi and
Berrada, 2018). Search and recommender systems are ubiquitous in our daily
lives, and it is considered important that users understand the results and rec-
ommendations they receive (Zhang et al., 2019). Recommender systems such
as Amazon, Spotify, and Netflix recommend items to users that they are likely
to appreciate (buy, listen, watch), without waiting for a user’s query. Search
systems provide information that is estimated to be relevant to a query entered
by the user. In both types of systems, it can be valuable for the user to see why
informationwas presented to them. In explainable personalized search, the user
gets an answer to the question: “Why was this information presented to me,”
and even “Why should I trust the given information?”

Explainability in Recommender Systems
Early approaches to recommendation were inherently explainable because they
were relatively straightforward, directly related to the content of the suggested
items and their user ratings. Examples of explainable recommendations in these
systems are “You have highly rated items that are similar to this item” and
“Users who have similar ratings with you highly rated this item.” With the rise
of machine learning methods in recommender systems for a large audience
(e.g., Netflix, Spotify), the implementation of explainability and its trade-off
with accuracy became more challenging (Koren et al., 2009; Zhang et al.,
2014). The trade-off is based on the discrepancy that machine learning systems,
and in particular deep neural network approaches, are outperforming rule-based
systems in the quality of recommended results, but they are muchmore difficult
to explain to the user than simple rule-based systems.
In recent years, the use of knowledge graphs to facilitate explainability rec-

ommendation methods has been proposed (Ai et al., 2018; Wang et al., 2018).
Knowledge graphs are flexible and can integrate heterogeneous information
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types. Users and items are both modeled as nodes (entities) in the graph and
the strengths of the relations between entities are used for recommending new
entities to a user. Explanations can be generated in natural language to explain
the relevance of a specific item to the user (Balog et al., 2019).

Explainability in Search Systems
Personalized search has in common with recommender systems that the user
profile determines the relevance of a document. But as opposed to recom-
mender systems, retrieval systems get an input query and need to retrieve
documents that are relevant to that particular query.
In explainable search, the aim is that the user knows the capabilities and

limitations of the search system, that they trust the system, and know how to
intervene with the system if the results are not satisfactory (Zhang et al., 2019).
A common form of explanation of the relevance of search results is the use
of search snippets on the result page in which query terms have been marked
in boldface. This markup (which is used in all Web search engines) indicates
the topical relevance of a document for the user query. Search snippets are a
basic example of explanations unified with the ranking model: Ranking models
have term overlap metrics as central components, and term overlap is directly
visualized in the snippets on the result page.
For relevance factors that, as opposed to term overlap, do not directly fol-

low from the ranking model, a separate explanation engine is needed that
generates explanations post hoc. This need has become more urgent as the
state of the art in IR is now held by deep neural network models that do not
use human-defined features for ranking the documents but abstracted docu-
ment representations (Nogueira and Cho, 2019; Yang et al., 2019). Since 2019,
efforts have been made to make features and their importance weights from
neural retrieval models explicit and visualize these features as an explanation
of why a document is relevant to the user query (Chios and Verberne, 2020;
Fernando et al., 2019; Singh and Anand, 2019).
In the context of professional search, explainability is a novel research direc-

tionwith no experimental results published yet at the time of writing. In the next
section, we list suggestions for research in this direction.

17.5 Toward Explainable Professional Search

After having discussed professional search (Section 17.2), personalized search
(Section 17.3), and explainable search (Section 17.4) in the previous three
sections, we now bring these topics together in the next step for advancing
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professional search: the development of explainable search methods in the pro-
fessional context that allow for personalization without becoming a black box
to the user.
According to Russell-Rose and MacFarlane (2020 p. 2), explainability in

professional search has two criteria: (1) the ease with which the user’s infor-
mation need can be translated into a query (explainability of the query process),
and (2) the degree to which the user’s query returns the results expected and
intended by the user (explainability of the search results). Explainability of
the query process strongly relates to professional query interfaces, which often
allow the user to build complex Boolean queries. Russell-Rose and MacFar-
lane recommend improving the explainability of query interfaces by providing
real-time feedback on query effectiveness, allowing users to evaluate the con-
tribution of individual query elements (Russell-Rose and MacFarlane, 2020;
Russell-Rose and Shokraneh, 2020, p. 4).
In this chapter, we focus on the second criterion: the explainability of the

search results.
Since professional search tasks are highly specific, result ranking cannot rely

on the data of other users. Given this individual nature of professional search,
personalization of professional search seems a logical step. However, when
using user information in relevance ranking, it is important for users to have
insight in to the data that is stored by the search engine (Xu et al., 2007) and
to understand the influence of their personal data on the search results. Thus,
professional search relies on explainable models in order to have the user trust
the system and be in control of the search process.
The current state of research, discussed in the previous sections, gives way

to two research directions for the near future:

1. Post hoc explanations added to the ranked lists of documents;
2. Graph-based personalized search, explicitly adding the individual user

perspective to the searching and browsing process.

17.5.1 Explanations for Estimated Document Relevance
Just as snippets give an indication of topical relevance by highlighting query
terms in text excerpts, other relevance factors could also be explicitly high-
lighted on the result page. These relevance factors could differ between
domains. For example, users of a legal search engine (lawyers, legal scholars,
legal professionals) consider document characteristics such as source author-
ity, legal hierarchy, and whether the document is annotated to be important
factors of relevance (Wiggers et al., 2018). Adding such metadata information
of the retrieved documents to the result page is relatively straightforward; the
next step would be to show indications of the weight that the ranking model
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assigned to each relevance factor. This helps inform the user about which fac-
tors were taken into account for the ranking and how they were weighted.
A paper by Chios and Verberne (2020) proposed a search engine result page
on which the relative importance of query terms for the retrieved documents
and the position of the most relevant passage in each document are shown.
This was positively valued by the participants of a small-scale user study: they
give significantly higher scores for the explainability and assessability (how
well can the relevance of the retrieved documents be assessed) of the result
page. This paper could be followed up by work addressing relevance factors in
professional contexts.

17.5.2 Explainable Search Using a Personal Graph
Apromising direction for explainable search is the use of graphmodels. Graphs
are a natural and transparent means of representing knowledge (Chein and
Mugnier, 2008). Knowledge graphs have been shown to be especially helpful
in exploratory search tasks (Sarrafzadeh et al., 2014, 2016), which are common
in professional work environments (He et al., 2013). Graphs can also be used
for generating search explanations by explicitly describing the path between
users and items in the graph. If we take academic search (Chiang et al., 2013;
Salehi et al., 2015; Verberne et al., 2015, 2018b) as an example, we could
generate explanations such as “this article is retrieved because you have previ-
ously read papers that cite it, and because you commonly read papers from this
journal.”
Most previous works in graph-based search use an external knowledge graph

covering all domain knowledge. Verberne (2018) and Balog and Kenter (2019)
have both proposed storing personal knowledge graphs to enable personalized
search. A personal knowledge graph is “a resource of structured information
about entities personally related to its user, their attributes and the relations
between them” (Balog and Kenter, 2019). Thus, the personal knowledge graph
is a possible visualization of the user’s perspective in the search process. In
the proposal by Verberne (2018), the personal knowledge graph is a profes-
sional graph representing the searching and browsing history of the user in the
professional search engine. A graph representing the knowledge and interests
of one user is much smaller than a graph representing the complete index of a
search engine (Blanco and Lioma, 2012) and can be stored locally (client-side),
if privacy regulations require it.
There are two main challenges associated with the idea of a personal graph

for information search: automatically populating the personal graph from
sparse user data and effectively utilizing the graph for effective information
finding.
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Future research with professional knowledge graphs should address the
development of methods for these two aspects.

17.6 Conclusions

In this chapter, we have discussed the idea of the Perspective Web in the con-
text of IR, and in particular information search for professional purposes. In
their search for information, users act based on their own, personal perspective.
User queries in Web search engines are often underspecified because much of
the user context is implicit. The underspecificy of user queries leads to ambigu-
ity: Does the query term “search behavior” refer to predator search behavior,
job search behavior, or information search behavior? The user knows, but the
search engine does not. Modern Web search engines solve this by showing a
diversity of perspectives to the user, hoping that a relevant result is among
these. In the ranking of results in Web search engines, popularity is an impor-
tant criterion: the more users have clicked on a Web page, the more often it
shows up in the result list of other users.
Professional search tasks are user- and context-specific. This means that the

user perspective plays an even larger role in the relevance of the returned results
than in Web search; marine predator search behavior would be relevant from
the perspective of a marine biologist, but not from the perspective of me as
an IR researcher. Thus, ranking algorithms cannot use the popularity of search
results as effectively as in Web search. This establishes the potential for per-
sonalization in professional search. At the same time, professional users want
to be in control over the search process and need to be able to trust the search
engine to provide them with correct and relevant information. This motivates
the necessity to make the results retrieved by the professional search engine
explainable to the user. We have discussed the state of the art in explainable
recommendation and search and then proposed two possible research directions
for explainable professional search: adding explanations to traditional result
pages and developing a search paradigm that is centered around the user’s pro-
fessional knowledge graph. This latter research direction could potentially lead
to a true realization of the user perspective in information search.
There is one caveat to a search engine that centers around the user’s perspec-

tive, and that is the filter bubble effect (Nguyen et al., 2014): if the user profile
is based on the user’s past behavior and the user profile is used to change the
search results, the risk is that the user will dive deeper in directions that con-
firm their own beliefs (perspective), ignoring the results that contradict them.
This is one of the reasons why user control is important: the user needs to see
at any time what the influence of their user profile is on the results they see.

https://doi.org/10.1017/9781108641104.017 Published online by Cambridge University Press

https://doi.org/10.1017/9781108641104.017


The User Perspective in Professional Information Search 239

The explainable interface needs to include visual information on the user per-
spective itself. In my vision, the graph visualization proposed in Section 17.5.2
would become a kaleidoscope where a different perspective changes the view
of the data.
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