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ABSTRACT
We explore the information seeking behaviour of the recruiters
while they search to find candidate job seekers that match the open
positions posted by the organizations. We perform a set of contex-
tual inquiries with recruiters at one of Scandinavia’s largest job
portals and recruitment agencies by using its job database system.
We aim to better understand short-term (matching) and long-term
(recruitment) information seeking behaviour of the recruiters and
their interaction with the search engine based on Solr. Based on the
conducted contextual inquiries, we list a set of design implications
to be used for better matching systems that can assist the recruiters
to find more relevant candidates.

CCS CONCEPTS
• Information systems → Recommender systems; Personal-
ization.

KEYWORDS
Job recommendation, recruitment, HR, professional search, infor-
mation seeking

1 INTRODUCTION
Being able to draw on the relevant knowledge, skills, and abilities of
their employees is essential for any organization to thrive. Recruit-
ing the right employees is the first step in this process and a key to
success. Recruitment consists of identifying relevant candidates for
an open position and shortlisting them for the position by assessing
their education level, their knowledge, skills, abilities, their work
experience and their interests [3]. Historically, the recruitment pro-
cess has taken a long time to complete with a large amount of
paperwork involved, but this has been changing in recent years
thanks to online recruitment gaining in popularity [24]. Job portals
and corporate websites allow for easier collection of candidate CVs
in electronic form [21] and providing recruiters access to them
through search engines can help streamline the different stages of
the recruitment process, illustrating the potential of information
technology to support human resource management [2, 9].

However, despite these technological advances, finding relevant
candidates for a position remains a manual process with a heavy
post-processing burden on recruiters in terms of assessing their
qualifications [21]. Both domain and search experience can have
a big influence on the quality of the search results returned [35]
and thereby on the duration and effectiveness of the recruitment
process. Furthermore, a problem with most current approaches is
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that their designs are not based on solid user research of the pro-
fessional practices of recruitment professionals. Russell-Rose and
Chamberlain [29] argues that this has resulted in recruiters’ needs
being poorly supported by developers of recruitment systems: “The
problem does not lie with the algorithms; it lies with the assump-
tions made by developers that do not understand how head-hunters
think.” [29, p. 46]. A better understanding of the information seek-
ing process of recruiters using online tools such as job databases
and search engines could aid in the design of more effective and
efficient systems that use AI techniques to augment the work of
human recruiters [2, 9]. This would enable an organization to not
only streamline recruitment, but also identify and alleviate biases,
preconceptions and time restraints in their recruitment process. A
logical next step could then be to using AI techniques to support
recruiters by automating part of the process of identifying and
matching relevant candidates with an open position.

In this paper, we present the results of a set of contextual in-
quiries conducted with recruiters at one of Scandinavia’s largest
job portals and recruitment agencies (henceforth referred to as
Jobindex). These inquiries were aimed at better understanding their
information seeking process with the end goal of designing better
matching systems to help them identify a larger number of more
relevant candidates. The main contributions of this paper are:

• We perform a set of contextual inquiries conducted with
recruiters at Jobindex. These inquiries focuses on three main
tasks of the recruiters: (i) searching & filtering candidates,
(ii) shortlisting candidates, (iii) contacting candidates.

• We use the results of the contextual inquiries to better un-
derstand recruiters’ short-term (matching) and long-term
(recruitment) information seeking process. Then, based on
the analysis of the results, we list a set of design implications
that can be used for better matching systems that can help
recruiters through searching and filtering, shortlisting and
contacting relevant candidates.

In Section 2, we review relevant research on information seeking
behaviour of recruiters. Section 3 presents followed methodology
to conduct the contextual inquiries with recruiters. Then, Section 4
describes the results and analysis of the contextual inquiries. Finally,
Section 5 concludes the paper with a discussion.

2 BACKGROUND
2.1 Recruitment
Recruitment is the process of identifying relevant candidates for an
open position and shortlisting them for the position by assessing
their qualifications. According to the model of the recruitment pro-
cess by Breaugh [3], these qualifications include (1) their education
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level, (2) their knowledge, skills, abilities, (3) their work experience,
and (4) their interests. In addition, diversity considerations and cul-
tural fit can play a role in the recruitment process [3]. Depending
on the intended scope of the author(s), the recruitment process is
modeled as a sequence of stages with different models having been
proposed over the years [3, 22, 33]. One of the more straightforward
models is the one proposed by Nikolaou [23], who identifies four
main stages of the recruitment and selection process: (1) attraction
of candidates (e.g., through job portals), (2) screening, (3) selection,
and (4) on-boarding. Our focus in this study is on the first three
stages from the perspective of the recruiter, which correspond to
our focus on the identifying and shortlisting relevant candidates
and contacting them about the job posting.

2.2 AI in recruitment
The popularity of online job portals and corporate websites have
allowed for the easier collection of increasing numbers of candidate
CVs in electronic form [2, 15, 21], yet the assessment of these candi-
dates still places a heavy post-processing burden on recruiters [21].
Many consider AI technology to have the potential to reduce this
manual burden considerably at different stages in the recruitment
process, thereby saving recruiters time and reducing costs [15, 21].

One such application of AI is the automatic extraction of rele-
vant information from CVs, such as contact information, previous
education and job experience, as well as the candidates’ knowledge,
skills and abilities [32]. Skill extraction in particular has received a
great deal of attention in recent years [1, 10, 14], as skills are seen
as an essential part of candidate assessment. In addition, having a
better understanding of strengths and weaknesses in the skillset of
newly-hired candidates could enable better career management.

Another application of AI technology is the automatic predic-
tion of personality traits based on the text supplied by the candi-
dates in the form of their application letters and CVs [6, 15, 20]—
assessing the personality of potential candidates is a common yet
time-consuming task in the recruitment process [3].

One of the areas where AI technology can be argued to have
the greatest potential [15] is automating the process of matching
jobs to job seekers. From the perspective of the latter, this is the
task of recommending relevant jobs to a job seeker. The majority
of the related work has focused on this scenario and much of the
work has gone into using semantic networks or embeddings to
alleviate the vocabulary problem between how HR departments
and job seekers describe what they are looking for. Typically, a
combination of techniques from information retrieval and recom-
mender systems are used that are trained on training data supplied
by human recruiters, which represent their past actions and assess-
ments. The goal of the AI algorithm is then to learning a proper
scoring function which represents the preferences of the individual
job seeker [6, 7, 11, 12, 21].

From the perspective of recruiters, this is the task of candidate
ranking: given an open position, rank the available candidates by
how relevant they are for the job, thereby allowing recruiters to
spend more time on attracting, screening and selection the most
promising candidates. Providing this candidate ranking often falls
to the search engines implemented in the job portal or job database
that contains all the candidates’ CVs. Section 2.3 goes into more

detail about how recruiters use search engines to identify relevant
candidates.

Finally, another oft-mentioned advantage of applying AI tech-
nology to the recruitment process is the potential for eliminating
explicit and implicit biases and beliefs held by human recruiters.
Karaboga andVardarlier [15], for instance, argue that AI-augmented
systems could be programmed to avoid biases and thereby enable
more inclusive hiring practices. However, most AI technology ap-
plied to matchmaking between jobs and candidates relies on large
amounts of training data supplied by human recruiters, which repre-
sent their past actions and assessments. Without mitigating actions
to remove the human biases present in this data, any algorithms
would typically learn these biases along with the rest of the data
[25, 26, 31].

Overall, the current consensus on AI in recruitment appears to
be that while it has great potential to speed up the process, there
remains an essential human component to recruitment [15, 34].

2.3 Information Seeking behavior of Recruiters
Despite an increase in AI-based approaches to skill extraction, can-
didate ranking and job recommendation, most current approaches
are not based on solid user research of the professional practices
of recruitment professionals [29]. To the best of our knowledge,
only one study has examined the information seeking behavior of
recruitment professionals.

Russell-Rose and Chamberlain [29] presented the results of a
survey of 64 recruitment professionals regarding their professional
information seeking behavior and their needs regarding tools to
support their recruitment practices. They found that recruitment
professionals use some of the most complex queries of any profes-
sional community with a wide range of search operators [28, 29].
Around 49% always or often re-used their previous queries. Russell-
Rose and Chamberlain [29] found that recruiters’ search behaviour
is characterized by “satisficing strategies”, where the goal is to
identify a sufficient number of qualified candidates in the shortest
possible time. Recruiters expressed their ideal number of results
to be around a median of 33 candidates, yet reported inspecting
fewer results (𝑀𝑑 = 30), suggesting that recall is less important
than producing a candidate shortlist of predefined length. Their
search process was strongly interactive with multiple iterations of
query formulation followed by candidate selection and evaluation.
On average, it took the recruiters around three hours to complete a
search task with a median number of 5 queries. The median time
to assess a single candidate was 5 minutes.

In terms of data sources used, recruiters used many different
sources, including job boards, social networks, commercial and pro-
prietary internal database as well as the open Web. In the work pre-
sented in this paper, our recruiters have internal access to Jobindex’s
CV database, which is the largest in its home country, so this variety
is unlikely to be replicated in our study.

Domain knowledge—such as in-depth knowledge about the in-
dustry sector and expected renumeration for different positions—
plays an important role when assessing the relevance of candidates
[29]. When evaluating search results and deciding which candidates
to add to their shortlist, the recruiters surveyed by Russell-Rose and
Chamberlain [29] were most likely to use location and prior job
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experience to make this decision. In addition, the industry sector,
current career level as well as availability and desired salary were
all used to decide which candidates to add to their shortlists. These
choices mirror many of the factors previously found to influence
expert selection as reported by Woudstra and van den Hooff [37].
While Russell-Rose and Chamberlain [29] do not mention the typi-
cal size of a shortlist, for 88% of recruiters the shortlisting process
was concluded when they found a specific result or when they
could not find any new relevant results anymore.

To the best of our knowledge, there is no related work on how
recruiters contact their shortlisted candidates and to what degree
they personalize their messages to these candidates.

3 METHODOLOGY
The goal of the research project underlying the work presented in
this paper is to use AI technology to augment the core activities of
Jobindex, one of Scandinavia’s largest job portals. Job seekers can
post their CV on Jobindex’s job portal for free and, for a small fee,
organizations with open positions can post their job openings to
the job portal as well as get access to Jobindex’s CV search engine.

Organizations can also, for a higher fee, enlist the help of Jobindex’s
professional recruiting department to actively recruit relevant can-
didates for their open position. Jobindex offers different variants
of this service: a light matching service where recruiters spend at
most 60 minutes to find relevant candidates, and a regular recruit-
ing service, where recruiters spend around 3-4 hours on candidate
search. The latter estimate for recruitment tasks is in line with the
findings by Russell-Rose and Chamberlain [29]. Jobindex also offers
complete recruitment trajectories including candidate interviews,
but these stages of the recruitment process were not a part of this
study.

In both the matching and recruitment scenarios, Jobindex’s re-
cruiters analyze each new job posting and use the internal CV search
engine to identify relevant candidates, similar to the recruiters sur-
veyed by Russell-Rose and Chamberlain [29]. They then shortlist
these candidates and contact them using a semi-personalized mes-
sage. One of the core goals of our underlying research project is to
support recruiters in these parts of their job by developing better
matching algorithms that model the recruiters’ internalized rele-
vance criteria and algorithms for the generation of personalized
messages.

To avoid developing algorithms that do not adequately support
the recruiters in their daily activities—a problem highlighted by
Russell-Rose and Chamberlain [29]—we studied the information
seeking behavior and relevance criteria of five different recruiters
employed at Jobindex. We used contextual inquiry (CI), a qualitative
method for understanding and gathering information about how
people perform certain tasks in context [27]. It allows for the ob-
servation of the participants in their own environment or context
while performing their tasks while, as researchers can learn from
them by asking for explanation and clarification. CI is based on
three principles [27]: (1) data must be gathered in the participant’s
own context or environment; (2) the inquiry is a partnership between
the participant and the researcher to explore issues and behavior
together, as opposed to a traditional interview; and (3) data collec-
tion is based on an exploratory approach with a pre-defined focus

instead of a pre-determined agenda or set of questions. We chose
CI over more traditional methods such as surveys, interviews or
observations, because it is better at uncovering tacit knowledge
according to Holtzblatt and Jones [13] as surveys and interviews
can suffer from recall bias. By asking participants to demonstrate
how they perform their daily tasks without directing them using
specific questions, we are more likely to uncover their natural be-
havior and the relevance criteria they have internalized over the
years. CI is also better able to adequately capture the context in
which a participant performs their tasks [4, 36].

Raven and Flanders [27] distinguish between three different
types of contextual inquires: (1) work-based interviews, where the
inquiry takes place during the activity; (2) post-observation inquiries,
where the observation is recorded and participant is interviewed
afterwards; and (3) artefact walk-through, where artefacts produced
by the work activities are the topic of inquiry in case they take
place sporadically or over a period of time. We performed work-
based inquiries, where the recruiter was studied while performing
their day-to-day recruitment and matching activities. Section 3.3
contains more detail about our inquiry design and procedure.

3.1 Participants
We recruited five participants for our contextual inquiries, all em-
ployed at Jobindex. To ensure that we had a sample that was as
representative of the recruiters at Jobindex as possible, we aimed for
variety in terms of recruitment experience, whether their primary
focus was on matching or recruiting, and the industry sector(s) they
specialized in. Table 1 presents an overview of the five recruiters
that participated in our contextual inquiries. It shows their work
experience and preferred industry sector as well as their ‘primary
task’, which shows whether the recruiter’s primary task is recruit-
ment or matching. In practice, however, all recruiters spend a small
share of their time of short-term matching activities too.

Table 1: Characteristics of our CI participants.

ID Years of Primary Industry Interview
experience task sector duration

P1 8 Recruiting Accounting, finance, sales 1h13m
P2 20 Matching All sectors 1h22m
P3 4.5 Recruiting Accounting, finance 1h14m
P4 3 Matching IT 0h46m
P5 2.5 Matching IT 1h14m

While our small sample size may prohibits us from generalizing
to the larger population of recruiters, during the last two interviews
we did experience saturation, i.e., no new issues or practices were
raised, so we believe our findings to be a good starting point for
designing matching algorithms that support Jobindex’s recruiters
in their day-to-day recruitment and matching activities.

3.2 Materials
Our contextual inquiries were conducted and recorded using Zoom.
Our participants used Jobindex’s CV search engine, which con-
tained around 138,000 CVs when we conducted our inquiries. Fig-
ure 1 shows the English-language interface of the CV search engine
used by Jobindex’s recruiters.
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Figure 1: The interface of Jobindex’s CV search engine. Per-
sonal information has been masked. The interface consists
of four main components: (1) the search bar, which allows
for keyword search, location-based search, and search for
job titles and job categories; the regular (2) and advanced
(3) filter panes; and (4) the search results, which contain
teaser representations for each CV. The interface automat-
ically highlights search terms in yellow in the CV teasers in
the results list.

The search engine is powered by Solr and allows for search
using four different search bars (shown in area 1 in Figure 1). In
addition to keyword search and location-based search, it also sup-
port searching through two different types of job title fields: one
containing all the desired jobs that job seekers include in their CV
and one that contains automatically assigned job categories from a
controlled vocabulary of occupations. Search terms are automati-
cally highlighted in the search results (shown in area 4) to aid the
recruiter in evaluating the information more quickly. In addition
to the search bars, recruiters can also narrow their search results
by applying different filters in the filter panes in areas 2 and 3.
Filters are equivalent to what is known is faceted search in the IR
literature [30]. Available filters include education level, work and
management experience, salary expectations, language skills, and
type of contract (e.g., full-time, part-time, student job).

Recruiters can click on the title of each CV in the result list to
inspect that candidate’s CV in more detail. Promising candidates
can then be shortlisted by check-mark selection. After a shortlist of
sufficient size and quality has been collected, the recruiter can then
write a custom message for the selected candidates. This message
is sent as an email from the Jobindex’s job portal to the candidates,
who then have the option of either contacting the recruiters directly
or responding to their inquiry through the job portal.

3.3 Design and Procedure
3.3.1 Introduction. After obtaining informed consent from each
recruiter for participating in the study and allowing us to record
the session with them, we first asked them to introduce them-
selves, including their recruiting experience, preferred industry
sector and whether they primarily spent their time on matching or
recruitment—Table 1 contains the answers to these questions.

Next, we asked our participants to give us a live demonstration
where they show us how they use the CV search engine to identify,
short-list and contact relevant candidates. Four participants demon-
strated their process for two different job ads; the fifth participant
went through a single example.We encouraged participants to think
aloud during the process and where relevant we asked follow-up
questions to understand how and why they perform their recruit-
ment and/or matching tasks. The next three subsections provide
an overview of what our foci were in the contextual inquiry.

3.3.2 Searching & filtering candidates. The first stage of the re-
cruitment process focused on searching for relevant candidates and
using the filtering functionality to improve the quality of the search
results. Participants first analyzed the job posting in question for
relevant information and recruitment criteria. When selecting a
new job posting to process, the CV search engine uses the location1
and the automatically assigned job category to generate an initial
results list. Participants can inspect this list and change the content
in the different search bars and their process for this was one of
our foci, as well as the use of the different filter panes. Here, we
were particularly interested in how they decide which search terms
and filters to use, how long this search process took, how may
query reformulations they went through, how their inspection of
the search results changed their perception of their search terms
and search criteria, and whether this was different for short-term
matching vs. long-term recruiting.

3.3.3 Shortlisting candidates. During the search process, partici-
pants would start adding relevant candidates to their shortlist using
the check marks next to each CV result. Here, we were interested in
what information about jobs and CVs was used by the participants
to determine whether a candidate was relevant and, again, whether
and how this differed between matching and recruitment.

3.3.4 Contacting candidates. After creating a shortlist of relevant
candidates, participants would review this list one more time, after
which they start formulating a custom message to send out to these
candidates. The CV search engine contains a number of personal

1The location is taken from the original job posting and if the company provides an
address, this is converted into geographic coordinates. Otherwise, a larger area such
as a zip code or a municipality is used. A radius around this location is then used to
match potential candidates.
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and company-wide templates for constructing such messages. Here,
our interest was in whether and to what degree these messages are
personalized before they are sent out, which aspects of the job or
CVs are highlighted in these messages, and whether participants
use personal templates or company-wide templates.

3.4 Analysis
All five recordings were assigned one of the two authors as the
main responsible for paraphrasing the content of the recordings.
Each clean-copy transcript was organized into the four sections
listed in Section 3.3 and further content analysis was performed to
identify the use of relevant features and assessment criteria to aid
in the development of better matching algorithms. After the initial
transcription, the other author checked the transcripts to add any
missing details.

4 RESULTS & ANALYSIS
In this section, we present the results of our contextual inquiries
with the five Jobindex’ recruiters, from the initial search and filter-
ing stage to shortlisting and contacting relevant candidates. In the
rest of this section we will refer to our participation using their IDs,
i.e., P1 to P5.

4.1 Searching & Filtering Candidates
4.1.1 Initial analysis of the job posting. Every participant started
the recruitment process by analyzing the job posting in question,
starting with the description of the organization if they are unfa-
miliar with it. All participants then go through the job posting to
identify the job title as well as the knowledge, skills and abilities
the ideal candidate is required to have. Participants P2 and P3 use
their recruiting experience to further distinguish between essential
and useful requirements. Examples include identifying the most
relevant software experience for a position (P2, P3, P5) or prior-
itizing the difference between experience with accounts payable
and accounts receivable for a financial accounting position (P3). In
general, domain knowledge was seen as very valuable at all stages,
from search to shortlisting, similar to the findings of Russell-Rose
and Chamberlain [29].

4.1.2 Searching. As mentioned in Section 3.3, for each new job
posting, the CV search engine automatically takes the location and
the automatically assigned job category to generate an initial list of
matching CVs. All participants inspect the top of this initial list to
get a feel for the type and the number of candidates that the search
engine returns. Several recruiters expressed a desire for shortlisting
at least 20 relevant candidates, given the historic response rates of
around 10% to the custom messages. This means that much of the
search behavior is influenced by how many initial search results
are returned. Depending on the position, between 50-150 search
results were seen as ideal to be able to reach the desired number
of 20 relevant candidates—considerably lower than the 33 reported
by Russell-Rose and Chamberlain [29]. Too few results and the
participants exhibited divergent search behavior, e.g., by removing
pre-filled locations or job categories, or using wildcard operators to
increase recall. Too many results and the participants adjusted their
queries to converge on a smaller set of search results by addingmore
specific keywords or job titles. The duration of the overall search

and filtering process is therefore dependent on the number of search
results returned and how effective their convergent or divergent
search tactics are. We asked all participants about how many query
formulations they typically go through, but most participants were
not able to provide us with a reliable estimate, except for P3. His
matches typically consist of four query reformulations and his
recruitment jobs around 15. This would be consistent with the
findings of Russell-Rose and Chamberlain [29]. An analysis of the
search logs of the CV search engine would be able to shedmore light
on this question in the future. In general, apart from the duration
and number of queries, there were very few differences in the search
behavior for matching vs. recruiting.

Location. The auto-generated location in the location search bar
is usually left in place by our participants and rarely altered. Expe-
rience has shown that candidates are unlikely to respond if they are
contacted about a position that is outside of their preferred location.
Jobindex’s recruiters are also encouraged to leave it in place, as it
is more comprehensive than most manual location searches tend
to be.

Keyword search. The most commonly used search bar is the
keyword search bar. All participants used the essential knowledge,
skills and abilities identified by the participants during the analysis
of the job posting as a source of search terms. Participants P2 and
P4 also use the search results themselves as a source of inspiration
for effective search terms as a way of addressing the vocabulary
problem [8]. The terms that job seekers use to describe themselves
and their knowledge, skills and abilities does not always match the
way an organization described the requirements for a job, resulting
in fewer matches. This suggests that better semantic matching
between job postings and CVs using, for instance, embeddings
could alleviate some of these problems.

In terms of search tactics and operators, participants tend to go
from basic ‘quick-and-dirty’ search to using more advanced search
operators. For instance, P3 stated that he typically starts by using
the most unique or discriminatory skill-related terms in an initial
‘quick-and-dirty’ search to gauge the difficulty of this particular
recruitment assignment. Depending on the size of the results set,
he would then engage in convergent or divergent behavior. Similar
to the findings of Russell-Rose and Chamberlain [29], all our partic-
ipants also used a wide range of advanced search operators, such
as Boolean operators, grouping search terms using parentheses,
phrase search, flexible matching using the wildcard operator, and
addition/subtraction operators to force the inclusion/exclusion of
certain terms, like software skills (P2, P3, P5). P1 stated the she
believed that possessing good search skills was more important
for recruitment trainees than having in-depth knowledge of the
industry sector, as job postings often contain a lot of useful hints
about relevant requirements.

Job titles. Searching for job titles was done by some but not all
of the participants. P3 would sometimes search only using job titles
instead of search terms, because of the auto-completion function-
ality offered in the job title search bar. This would inspire him to
add job titles he would not have thought of on his own, something
echoed by P5. They both agreed that job titles can be as important
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as matching on knowledge, skills and abilities. Both P3 and P4 cau-
tioned that matches based on job titles should be taken with a grain
of salt, since the job titles extracted from the CVs are both historical
as well as aspirational—which job titles the candidates would like
to have in the future. This means that matching candidates may
not always possess the required qualifications.

Job categories. Job categories were not as popular with the partic-
ipants as the other search bars. Due to their automatic assignment,
some participants were mistrustful of the quality of the categories
and would therefore remove them. Categories were typically one of
the first things to be removed to increase the size of the result set by
P3, P4 and P5. In some cases, these recruiters would add categories
to reduce the size of the result set.

4.1.3 Filtering. In addition to the four search bars, recruiters can
converge or diverge on a desired result set by using the different
filters in the filter panes. Available filters include education level,
work and management experience, salary expectations, language
skills, and others. Filters were commonly used by all participants to
narrow down the result sets for their searches. We found no mean-
ingful distinctions in filter use between matching and recruitment
tasks.

The salary filter was seen as one of themost useful filters by some
(P2, P3 and P4), but not all of the participants. While some recruiters
only set a maximum salary level, others insisted on setting both
minimum and maximum salary level expectations to uncover the
relevant candidates. For part-time positions, salary expectations
are harder to interpret so participants usually did not use this filter
for those types of jobs. Setting the right salary levels was a matter
of experience, according to our participants, although Jobindex
has extensive statistics on salary levels for different positions and
industry sectors. In case a participant was unaware of the expected
salary for a job position, they would contact the organization itself.
However, this was only done for recruitment cases; for the shorter-
term matching cases, this was usually estimated based on the job
posting text.

Participant P5, who did not use the salary filter often, instead use
management experience—and to a lesser extent work experience—
to reach the same group of people as a salary filter could reach.
However, the other participants will typically only use the man-
agement experience filter if it is explicitly mentioned in the job
posting, similar to work experience (P3). In addition to filtering
out people without enough work or management experience, P3
occasionally also uses the experience filters to remove people that
are overqualified for a position by filtering out all CVs for more
than three years of experience (unless the job ad in question is for
a more senior role).

Our participants also shared two interesting observations. P3,
whose expertise is in the accounting industry, had observed that
accountants tend to be more loyal to their employer than in other
industry sectors. This means that the required level of work or
managerial experience can vary also by industry sector, something
an algorithm for automatic matching should take into account.
Another, more critical observation by P4 is that unless explicitly re-
quired by an organization, experience is difficult to evaluate through
the use of the filter—without inspecting a CV in detail and check
a candidate’s previous employment history, it is difficult to know

whether all seven years of experience in position or industry sector
constitute relevant experience for the organization in question.

Another filter that is commonly used is the company filter. After
adding their CV to Jobindex’s CV database, job seekers are asked
to select organizations that they admire or would be interested
in working for. By selecting the company filter, only CVs whose
creator is ‘following’ the organization in question will be returned.
Several recruiters (P2, P5) noted that they thought it was better to
start searching for candidates among the followers of a company,
as they are more likely to apply for the position. However, in case
the results set is too small, this filter is one of the first ones to be
removed.

As for the other available filters, such as language or education
level, they are only used occasionally when the specific job post-
ing calls for it (P4). The filters on employment type and notice
period were mostly restricted to matching or recruiting for jobs for
jobs that are not full-time positions, such as part-time positions,
freelancing or student jobs (P4).

4.2 Shortlisting candidates
As mentioned before, most recruiters aim for a shortlist of around
20 relevant candidates before they move on to the contacting phase.
The most important relevance criteria when assessing the relevance
of a candidate for the position are whether they match the required
knowledge, skills and abilities stated in the job posting. Search term
highlighting—shown in yellow in Figure 1—make it more efficient
for the participants to determine whether and where the skills they
added as search terms occur in the search results (P4).

Past work experience was also important in relation to the re-
quired knowledge, skills and abilities: participants would contrast
the most recent positions a candidate has held to the required skills
to better be able to determine whether the candidate really pos-
sesses those skills. Again, this is in line with the findings by Breaugh
[3] and Russell-Rose and Chamberlain [29]. P3 stated that he would
usually consider the 1-3 most recent jobs or at most the last five
years of work experience to prevent recommending candidates
whose skills had atrophied too much. P3 added that he would ex-
amine past work experience in more detail for recruitment cases
than for matching.

Another important relevance criterion is location as it has a
strong influence on whether candidates will be interested in ap-
plying for a job. Here, participants typically relied on the auto-
generated location in the location search bar. This is similar to its
importance in the study by Russell-Rose and Chamberlain [29].

When asked about the importance of education level as a rele-
vance criterion, the majority of participants did not find it partic-
ularly important, because relevant knowledge, skills, and abilities
can also be acquired on the job. Only if a required education level
was explicitly mentioned in the job posting would they include it
as part of their assessment.

Finally, many participants indicated that in their assessment
they would predominantly check the structured Jobindex version
of the CVs, which is due to job seekers being asked to enter the
information in their CV into different text fields. When necessary,
participants would check unstructured personal CVs that are in-
cluded as PDFs, although this was not common due to this taking
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more time to assess. For instance, P5 stated that she will only ex-
amined unstructured attached CVs if it proves difficult to reach a
shortlist of 20 candidates.

4.3 Contacting candidates
After shortlisting a sufficient number of candidates, recruiters move
on to the last phase of matching and recruitment where they write
a message to each candidate persuading them to apply for the posi-
tion. These messages are sent out as emails by Jobindex’s job portal
and typically include a line about the job they are being recom-
mended and why, which recruiter is doing the recommending and
how they can get in touch with both the recruiter and the organiza-
tion. Each message always includes an embedded description of the
job posting at the end of the email. Finally, messages also include
a link which candidates can use to provide easy feedback on the
recommendation.

In principle, each candidate on the shortlist can be contacted
separately with a uniquely personalized message. However, to save
time all of the participants indicated that they use templates to help
formulate the messages. Over the years from participants (such as
P2) have formulated their own templates for different occasions,
while others use the default templates available to all Jobindex
recruiters. While these templates can and are typically stored in
the system, making it easy to select them, participant P2 stored his
own template in a Word document.

Nevertheless, all participants believe that proper personalization
of these messages—where each candidate gets a uniquely worded
message highlighting what would make them such a good can-
didate for the position based on their own skills and past work
experience—could have a positive effect on the response rate. The
reason for not personalizing messages and sending the same ver-
sion to all shortlisted candidates is lack of time, which suggests
that the automatic generation of personalized, persuasive messages
could be valuable feature to add to Jobindex’s systems. At the mo-
ment, one of the participants opined that the increased response
rate was not worth the extra effort of personalizing each message.
Personalization was seen as most valuable for junior recruiters
and matchers according to senior participant P2, due to their lack
of experience with crafting persuasive messages for a variety of
positions.

When asked about which elements of the message are personal-
ized for the short list, the participants differed in their approach.
Senior recruiter P1 barely used the job posting text at all to per-
sonalize the messages whereas others, depending on the position,
took the time to explain why that position would be relevant for
the candidates. Often, such explanations will include relevant work
experience that matches the new position, while others, depending
on the position, may stress the responsibility or the the salary level
that comes with the new position (P3, P5). Some participants, such
as P3, vary the writing style and length of their messages depending
on the socio-economic status—as an example he contrast CFO posi-
tions versus carpenters, where the candidates for the CFO position
are more likely to be willing to read more information about the
job than carpenters would be for an entry-level carpentry job.

Several participants stressed that it was important to make a mes-
sage feel personal, even if it is not. Messages that are perceived to be

auto-generated by a bot were seen as problematic for response rates
and much less persuasive (P2, P3). Another important persuasive
element to include is to avoid patronizing candidates and instead
offer tips and suggestions for seeking the position in question.

All participants indicated they were willing try to try out a
system that could help generate persuasive, personalized messages,
either by generating them automatically or by suggesting the most
relevant elements to include for the recruiter, such as relevant skills
or work experience. The most important condition for this was
shared by all recruiters: that such a system plays a supporting role
and that they remain in control of the final decisions, a sentiment
echoed by Karaboga and Vardarlier [15] and Tomassen [34].

5 DISCUSSION & CONCLUSIONS
In this paper, we have presented the results of a contextual inquiry
study with recruitment professionals to better understand how they
perform their matching and recruitment duties, how they interact
with the different features of Jobindex’s CV search engine, and
what their professional information seeking behavior looks like.
Our aim with this study is to better understand their professional
information needs and how we can design better systems that
supports them in matching and recommending relevant candidates
for open job positions.

We find that the search and filtering process in which recruiters
use the CV search engine to identify relevant candidates is a com-
plex and interactive process. Drawing on their domain knowledge,
recruiters identify the most relevant knowledge, skills, abilities
required in the job posting and match these to the skills, past work
experience and job titles of the thousands of candidates in the CV
index. Factors like salary, experience, and location play an impor-
tant role in the relevance assessment of candidates. Many of these
findings align with the earlier work by Russell-Rose and Cham-
berlain [29], who conducted a survey of the information seeking
practices of recruitment professionals. When contacting the short-
listed candidates, recruiters have to balance a trade-off between
cost and effectiveness with regard to the degree of personalization.
Personalized messages are more likely to get a positive response,
but due to the ‘satisficing’ nature of online recruitment, there is not
enough time to customize beyond the shortlist itself. Nevertheless,
provided they remain in control, recruiters are generally positive
about the possibilities of personalization support.

Our work has several design implications for an improved ver-
sion of the current recruitment workflow and infrastructure. With
regard to the search for relevant candidates, the vocabulary prob-
lem originally identified by Furnas et al. [8] also plagues recruiters
as job seekers will use different terms to describe the same concepts
as organizations do in their job ads. Semantic matching technology,
such as the use of word or document embeddings could be a fruitful
way of addressing this problem [16, 17]. Given their importance
in the relevance assessment process, properly representing and
embedding knowledge, skills and abilities [1, 10, 14] as well as job
titles [5] and location [18, 19] would seem to be a priority for any
state-of-the-art job matching system. The role of domain knowl-
edge was evident in the use of filters by the recruiters: for different
industry sectors and positions, they were able to leverage that
knowledge and experience to select the appropriate salary, location,
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work experience and management experience filters. Leveraging
Jobindex’s sizable historic data about past job ads, CVs and re-
cruitment searches, it should be possible to identify such values
automatically for different contexts, thereby improving the quality
of the results list and saving recruiters time.

Finally, our contextual inquiry study has also revealed several
opportunities for supporting recruiters in contacting shortlisted
candidates by identifying the most important overlapping elements
between a job posting and a shortlisted CV and using them to
personalize the message templates already in use at Jobindex. In
this personalization process, and in fact throughout all stages of the
recruitment and matching process, the intention is not to replace
the recruiters, but to assist them intelligently. In other words, they
will always have the final say by being in the loop.
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