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Abstract. Recommender systems in recruitment platforms involve two
active sides, candidates and recruiters, each with distinct goals and pref-
erences. Most recommendation methods address only one side of the
problem, leading to potentially ineffective matches. We propose a two-
sided fusion framework that jointly models candidate and recruiter pref-
erences to enhance mutual matches between candidates and recruiters.
We also propose a personalized two-sided fusion approach to enhance the
fairness of job recommendations. Experiments on the XING recruitment
dataset show that the proposed approach improves fairness and compat-
ibility, demonstrating the benefits of incorporating two-sided preferences
in fairness-aware recommendations.
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1 Introduction

Fig. 1. Ignoring dual preferences leads to
inefficient matches

Recommender systems are widely
used across various domains, from
entertainment (e.g., music, movies)
and practical services (e.g., food,
accommodation) to human-centered
matching scenarios (e.g., dating,
recruitment). Most recommender plat-
forms assume a one-sided model,
where users interact with recom-
mended items. In contrast, on two-
sided platforms (e.g., dating, recruit-
ment) two active parties interact [19,25,26]. In dating platforms, the goal is to
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match people with other people [26], with users belonging to the same pool of
users, with similar goals, and engaging with each other’s profiles. In contrast,
recruitment platforms involve distinct user groups, viz. candidates and recruiters,
who interact with different interests: candidates explore and apply to job post-
ings, while recruiters evaluate candidate profiles to fill specific roles. Due to
the complex nature of two-sided recruitment platforms [21], prior work mostly
considers either the perspective of candidates focusing on a job recommender
system [3,12,15,44] or the perspective of recruiters focusing on a candidate rec-
ommender system [11,14], ignoring the interplay between them. Such one-sided
approaches fail to capture the dependency between the two sides, potentially
leading to suboptimal or mismatched recommendations [25], where candidates
are shown jobs that are unlikely to result in successful matches, and recruiters
receive limited or irrelevant applications. Figure 1 illustrates this situation.

Beyond Accuracy in Two-Sided Matching. Some prior work [13,38,43]
addresses the two-sided nature of recruitment platforms by learning a joint rep-
resentation of the candidate-recruiter interest, using textual and interaction data
to improve the quality of matches. But as recruitment is a high-stake domain
with significant societal implications [1,5,7,29], the focus should go beyond
matching quality. Most fairness approaches focus on a one-sided problem, being
fair towards the user side [18,27,39] or towards the item side [16,40,41]. Some
approaches consider fairness from a two-sided perspective [23,34,36] but they do
not consider the two-sided nature of recruitment platforms, where both users and
items have preferences, and limited attention/time. Considering the two-sided
preferences of a recruitment platform not only enhances engagement and the
likelihood of successful matches but also has the potential to improve outcomes
for marginalized groups. Promoting candidates/jobs, for the sake of fairness,
to recruiters/candidates, who are unlikely to engage with them, whether due
to bias or preference, can waste time for both parties and fail to achieve fair-
ness of recruitment outcomes. Recruitment platforms that act as intermediaries
may lack information on outcomes beyond profile clicks (e.g., interview offers,
hires). While this limits the ability to measure fairness of outcomes, incorporat-
ing mutual interest into fairness-aware ranking can serve as a meaningful step
towards improving the quality and fairness of matches in recruitment.

Main Contributions. We propose a two-sided fusion (TSF) approach for job
recommendation. TSF explicitly models the preferences of both candidates and
recruiters by fusing the outputs of two independently trained recommender
systems: a candidate and a job recommender system. We aim to promote
candidate-job pairs that share a mutual interest to the top of the ranking,
thereby improving the quality of the matches, and possibly the favorable recruit-
ment outcomes for candidates. Moving beyond quality of matches, we focus on
both user (candidate) fairness and item (job) fairness, and propose optimizing
the fusion approach under fairness constraints. Code and examples are avail-
able on GitHub.1

1 https://github.com/ClaraRus/Joint-Modeling-Job-Matching.
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Main Findings. We show that TSF improves the fairness, diversity and qual-
ity of matches. Depending on the balance between candidate and recruiter sig-
nals, TSF can balance item-user fairness. Moreover, we show that by optimizing
TSF under fairness constraints, it obtains significant fairness improvements while
improving the compatibility between candidates and job offers.

Theory of Change. By modeling the two-sided preferences of candidates
and recruiters to enhance two-sided fairness, diversity and quality of matches,
TSF can improve the recruitment outcomes for marginalized groups. TSF prior-
itizes recommending jobs for which there is a mutual interest. This relies on hav-
ing recruiters who showed interest (e.g., click on the profile) in candidates from
marginalized communities and assumes that not all recruiters who registered on
the platform have a prejudice against candidates from marginalized communities.
From conversations with recruitment companies, enhancing diversity and item
fairness helps in redistributing applicants to jobs, reducing competitiveness for
popular jobs, and improving overall hiring opportunities for candidates, as well
as helping the jobs get more exposure and applicants with higher compatibility.

2 Related Work

Several works have tackled the two-sided problem in a recruitment setting using
the bidirectional signals between candidates and recruiters. Most work focused
on learning a joint embedding that captures both the candidate and the recruiter
preferences. E.g., BOSS [13] uses textual and interaction data, and models the
sequential nature of interactions in a recommendation process (e.g., view, apply,
accept), similarly to [10], who model two-sided multi-behavioral sequences to
capture dynamic and complementary user preferences. MIRROR [42] models
users and the matching process given a multi-view approach (e.g., differentiating
between active and inactive users), while BAMBOO [43] models the interactions
from two perspectives, user expectation and competitiveness on the recruitment
market. [9] propose a reinforcement learning framework for learning the person-
job fit, while considering the local market state. [38] propose a dual graph rep-
resentation learning approach, that uses both textual information from candi-
date/job profile/description and interaction data, extending the BPR [28] loss to
consider the bidirectional preferences.

The above approaches focus on improving the quality of matches between
candidates and recruiters. Looking beyond utility-based metrics is an important
step. Several works look at fairness from a two-sided perspective in two-sided
platforms [23,24,34–37] but they do not model the bidirectional interactions of
two-sided platforms. CP-Fair [23] is a two-sided fairness re-ranking method that
ensures parity of exposure between item groups and parity of quality of rec-
ommendation between user groups. PCT [34] is a two-sided calibration-aware
method which expects that the distribution of recommended items to be inline
with the user’s past interest, and that the item’s group exposure to be inline with
a target system-level distribution. TFROM [36] is a two-sided individual-based



338 C. Rus et al.

fairness intervention designed to account for both provider fairness and user fair-
ness. TFROM re-ranks items such that the individual quality of recommenda-
tion improves, while each item’s provider remains within its fair exposure quota.
Finally, [32] focus on fairness in a reciprocal recommender system [25,26], propos-
ing a policy for envy-free fairness achieving a good trade-off between fairness and
quality of matches.

Previous work focuses on an in-processing approach for enhancing the quality
of the matches while requiring interactions beyond clicks on the platform (e.g.,
interviews, hires, messages), which some platforms may lack. In contrast, we pro-
pose a post-processing approach, making it more practical to plug into existing
systems, without requiring complex interaction data. Additionally, we go beyond
quality of matches and propose a fairness constrained two-sided fusion approach
to enhance both the quality of matches and the two-sided fairness.

3 Method

3.1 Preliminaries and Notation

We consider a recommendation scenario with a set of users U = {u1, . . . , uN} and
a set of items I = {i1, . . . , iM}. A recommender system r is defined as a function
Rr : U × I → R that assigns a score Rr(un, im) to each useritem pair (un, im).
For a user un, a recommender system r creates a ranking πr(un, k) over k items
by sorting the items in descending order of the scores. For measuring fairness we
write Ig ⊆ I to denote the set of items belonging to group g and Hg

un
⊆ I for the

set of items belonging to group g from the user’s past interactions.

3.2 Two-Sided Fusion

Given the two-sided nature of recruitment platforms, we propose, TSF, a two-
sided fusion approach modeling both the candidate and the recruiter interest
to enhance the quality of matches. Figure 2 shows an overview of the proposed
approach. The pipeline is composed of three main steps. (i) Independently train-
ing a candidate recommender system and a job recommender system. (ii) Based
on the recommendation scores of each, rank the jobs for each candidate. This cre-
ates two ranked lists, one generated based on the scores of the job recommender
system, and one based on the scores of the candidate recommender system.
Finally, (iii) the ranked lists are fused to generate a new recommendation list
that prioritizes the mutual interest between candidate and recruiter.

A job recommender system (Rjob) recommends jobs to the candidates
registered on a recruitment platform, based on the candidates’ interactions. A
candidate recommender system (Rcand) recommends candidates to jobs,
based on the recruiters’ interactions with candidates profiles given a job descrip-
tion. Therefore, the predicted score Rjob(candidate, job) for a candidate-job pair
should reflect the user’s interest towards that job offer, while the predicted score
Rcand(job, candidate) for a job-candidate pair should reflect the recruiter’s inter-
est towards that candidate. We propose to use the two-sided predicted interest
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Fig. 2. Pipeline of the proposed two-sided fusion method

of a candidate-job relationship to prioritize recommending jobs where the candi-
date and the recruiter share a mutual interest. For each user un we generate two
ranked lists: πjob(un), based on the predicted scores by the job recommender,
and πcand(un), based on the predicted scores by the candidate recommender.
Next, we propose to use a fusion method to compute a fusion score f(un, im):

f(un, im, α) = αRjob(un, im) + (1 − α)Rcand(im, un), (1)

where α is a weighting term that represents the importance of candidate side
signals vs. recruiter side signals for the final fusion-score. Finally, the fusion score
is used to rank the items in descending order of the score, to generate a new
ranking of the recommendations: πjob-cand(un, k) = argsortim∈I f(un, im)

[1:k]
.

The fusion function f can be replaced by any existing fusion method. In this
work we experimented with both score based fusion methods, like SUM [8]
(Eq. 1), MIN [8] and MAX [8], and rank based fusion methods, like RRF [6],
ISR [22] and Borda [2]. Score-based fusion methods aggregate the outputs of
multiple recommenders by combining their predicted relevance scores, while
rank-based fusion methods, ignore the scores and instead combine the orderings
produced by the recommenders, using positional information. This is especially
useful when the scores produced by the systems are not available.

3.3 Optimized Fusion Method

The fusion function (Eq. 1) assumes a global parameter α that balances the con-
tribution of Rjob and Rcand to the final fusion score. This global choice enforces
the same balance for all users, regardless of individual preferences, opportunities
or fairness considerations towards under-exposed groups of items. To address
these limitations, we propose to learn a personalized α parameter per user
un. Then, the fused score is computed as: f(un, im) = αun

sjob(un, im) + (1 −
αun

)scand(im, un), where αun
is a learned user personalized hyperparameter,

balancing the contribution of the candidate-recruiter side. Finally, the person-
alized fusion score is used to generate a new ranking: πjob-cand(un, k, αun

) =
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argsortim∈I f(un, im, αun
)

[1:k]
. To learn αun

we propose two optimized fusion
approaches: self-attention fusion (TSF-ATT) and fair constrained opti-
mization fusion (TSF-Fair).

Self-attention Fusion. Using a fixed global parameter α to merge candidate-
and recruiter-side signals overlooks user-specific differences in how much each
source contributes to relevance. For example, a candidate exploring jobs abroad
may benefit more from recruiter-side signals, while another focused locally may
rely primarily on past interactions. To capture this heterogeneity, we propose a
self-attention fusion mechanism that learns personalized fusion weights for
each user un, dynamically balancing candidate- and recruiter-side signals. Sim-
ilar approaches have been used for combining short- and long-term user prefer-
ences in recommendation systems [30,31].

For each user un, let Rjob(un, ·) ∈ R
M and Rcand(·, un) ∈ R

M denote the
predicted relevance vectors from the job and recruiter recommender models.
These vectors are stacked as Xun

= [Rjob(un, ·), Rcand(·, un)] ∈ R
2×M allowing

the attention network to process both signals jointly. Each vector Xun,z (z ∈
{job, cand}) is passed through a shared feed-forward layer with ReLU activation:

hz = ReLU(WXun,z + b1), (2)

where W ∈ R
H×M projects each embedding into a hidden space. The hidden

states are then mapped to scalar attention scores:

wz = V hz + b2, (3)

where V ∈ R
H is a learnable parameter. The attention scores [wjob, wcand] are

normalized via softmax [αjob, αcand] = Softmax([wjob, wcand]) ensuring αjob +
αcand = 1. The fused relevance score for user un and item im is then derived using
Eq. 1 where αjob and αcand are used as coefficients for Rjob and Rcand.

The fusion model is trained end-to-end using implicit feedback data, with the
fused scores f(un, ·) compared to user-item interaction labels via a cross-entropy
loss. Parameters are optimized with Adam and weight decay. This adaptive
attention mechanism allows the model to personalize fusion: some users rely more
on their historical preferences (high αjob), while others are better represented by
recruiter-side affinities (high αcand). At inference, the fused scores are used for
ranking, yielding balanced and context-aware recommendations.

Fair Constrained Optimization Fusion. TSF-Fair optimizes the fusion step
of TSF by learning a personalized αun

parameter under fairness constraints.
Therefore, TSF-Fair makes use of the two-sided fusion in order to increase both
mutual interest and the fairness of the recommendation list towards underex-
posed groups of items. For each user un, TSF-Fair learns a personalized fusion
parameter αun

by minimizing a compound objective (Eq. 5) that jointly accounts
for multiple fairness and/or preference criteria. We perform a grid search over
α ∈ [0, 1] with a step size of 0.01 to select the value that minimizes the com-
pound loss. Formally, for a given user un, the optimization problem is defined
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as:
α∗

un
= arg min

α∈[0,1]
L(un, k;α), (4)

where L denotes the compound loss function, defined as:

L(un, k, α) =
m∈M

λm m πjob-cand(un, k;α), A , (5)

where M is the set of metrics considered during optimization, λm denotes the
relative weight assigned to each metric m, and A is the set of sensitive attributes
(e.g., country, premium) used to compute the fairness metrics. The fused ranking
πjob-cand(un, k;αun

) is generated by sorting items according to the fusion score
function f(un, im;αun

), defined in Eq. 1, using the learned personalized αun
,

which minimizes Eq. 5. The fairness metrics that we consider for optimization are
defined in Sect. 4; however, one can make use of alternative fairness metrics. We
experiment with λm = 1 but one can set it to different values to balance the
trade-off between item-side fairness and user-side fairness.

4 Experimental Setup

Table 1. Distribution of candidates/jobs and interactions across attribute groups.

Item Attribute Group # Items # Interactions

Job Country DE 1,073,051 314,458

non-DE 204112 25,747

Premium Yes 161,060 244,378

No 1,116,103 95,827

Candidate Country DE 1,082,607 2,291

non-DE 209,307 201

Premium Yes 275,399 684

No 1,016,515 1,808

Dataset. We conduct experiments on the XING dataset, created as part
of the RecSys 2017 challenge,2 which is the only publicly-available recruit-
ment dataset containing two-sided interactions. It contains structured semi-
synthetic data collected from the XING platform,3 a german (DE) recruit-
ment platform, and interaction data from candidates to job openings, and from
recruiters to user profiles. Table 1 shows an overview of the data distribution

2 https://www.recsyschallenge.com/2017/.
3 https://www.xing.com/.

https://www.recsyschallenge.com/2017/
https://www.recsyschallenge.com/2017/
https://www.recsyschallenge.com/2017/
https://www.recsyschallenge.com/2017/
https://www.recsyschallenge.com/2017/
https://www.xing.com/
https://www.xing.com/
https://www.xing.com/
https://www.xing.com/
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across candidates/job groups. The available attributes are country of the candi-
date/job, and whether the candidate/company payed for a premium subscrip-
tion. The interaction data received by candidates is rather sparse [21]. This
makes it difficult to train a candidate recommendation system on the recruiter
interaction data. To overcome this problem, in our experiments, we use for train-
ing Rcand, the transpose interaction matrix as a proxy [33] with has an overlap
of 55.3% with the real recruiter data.

We address data sparsity and the large scale of the XING dataset by con-
structing a representative sample of user–item interactions. We first binarize the
interaction data: {click, bookmark, reply} to 1 (positive) and the rest to 0 (neg-
ative). We extract a core-20 subset from the positive interactions, by retaining
users with at least 20 job interactions and jobs with at least 20 user interactions.
From this filtered subset, we randomly sample 10,000 users and include their
complete interaction histories to form the dataset used in our experiments. The
resulting sample contains 10,000 users with 373,580 positive interactions across
64,063 jobs, corresponding to an interaction density of approximately 0.058%.
We split the user profiles into train (80%) for building Rjob and Rcand, val (10%)
for hyperparameter tuning, and test (10%) for evaluation.

Evaluation Metrics. As recruitment platforms are inherently multi-
stakeholder systems [4,17], fairness should be ensured for both candidates and
companies posting job offers. We therefore evaluate our approach in terms of:
(i) item-side (job) fairness as group parity between opportunity ratios, (ii) user-
side (candidate) as the user preferences with respect to the distribution of the
past interactions on particular item groups, (iii) diversity using the gini index,
(iv) quality of matches by measuring the compatibility between candidate-job
profile, and (v) utility using the NDCG. Item-side fairness is measured in two
ways: (i) per user as RGI which is defined as:

RGI =
1

|U|
u∈U

Reprg1
user(u)

%Ig1
− 1

|U|
u∈U

Reprg2
user(u)

%Ig2
, (6)

where Reprg
user is the proportion of items from group g in the top-k of a user,

ensuring fairness in each recommended list and (ii) globally as RGI(global)
defined:

RGI(global) =
Reprg1

global(u)
%Ig

1

− Reprg2
global(u)
%Ig

2

, (7)

where Reprg
global is the proportion of items from group g in the top-k across all

recommendations lists. User-side fairness is measured as RUP which is defined:

RUP =
1

|U|
u∈U

Reprg1
user(u)

%Hg1
u

− 1
|U|

u∈U

Reprg2
user(u)

%Hg2
u

, (8)

where %Hg
u is the percentage of the group in the user history of a

user. Quality of matches is measured as compatibility score comput-
ing the % match between the mutual candidates and job features (F =
{industry, discipline, seniority}).
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Comp(u, i) =
1

|F |
f∈F

I[xf (u) = xf (i)] , (9)

4.1 Baselines

For our base recommender systems we use BPR [28], LibRec-Auto [20] imple-
mentation, to train the job recommender system and the candidate recom-
mender system. We compare our approach to state-of-the art fairness-aware
post-processing approaches, including one-sided approaches: FA*IR [40] an
item-side fairness intervention that aims to maintain the protected group repre-
sentation above a specified minimum (p=0.6) at every top-k, and User-fairness
[18] is a user-side fairness intervention which aims at balancing the quality of
the received recommendations (precision@k) between user-groups, and two-sided
approaches: CP-Fair [23] a two-sided group fairness re-ranking method, and
TFROM [36] a two-sided individual-based fairness intervention. We do not
compare with existing two-sided approaches for enhancing quality of matches
as they are in-processing approaches and require more complex recruiter data
which public datasets lack. Since FA*IR does not support multiple attributes, we
define the protected group as the most disadvantaged intersectional group.

5 Results

5.1 Two-Sided Fairness

Table 2 shows an overview of our approach in terms of item (RGI) and user
(RUP) fairness in top-10, with lower values indicating an improvement. A lower
RGI indicates smaller disparity in the exposure of the groups proportional to
their availability, while higher RGI indicates an overrepresentation of one of the
groups. Improvements in RGI means that more exposure is given to underrep-
resented job groups and candidates are being exposed to a more balanced and
representative set of job opportunities. A lower RUP indicates that the recom-
mendations are inline with the users’ historical preferences towards one attribute.
This is relevant especially in the context of the country attribute, while for the
premium attribute this is not trivial as the user is not aware of whether the
company payed for a premium subscription or not.

Item Fairness. As expected, FA*IR obtains the best improvements in terms of
item-side fairness, as it is an item-side fairness approach. The user-fairness base-
line does not affect item-side fairness metrics, as its optimization objective tar-
gets parity in recommendation quality. In our setting, BPR already achieves near
parity, resulting in minimal changes to the recommendation list. Out of the two-
sided fairness approaches only CP-Fair makes improvements. TFROM prioritizes
obtaining similar quality of recommendation across individual users, resulting in
little changes on the recommendation list, and thus no changes on the item-side
fairness metrics. Our proposed TSF obtains improvements on all item-fairness
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Table 2. Evaluation in terms of item/user fairness, diversity, utility and quality of
matches on the XING dataset at Top-10; “prem.” is short for “premium”; bold showing
best result and underline an improvement

Method

Country Premium

RGI RGI

RGI↓ (global)↓ RUP↓ RGI↓ (global)↓ RUP↓ Gini↓ NDCG↑ Comp↑
BPR 1.00 0.89 2.56 7.57 7.57 1.49 0.85 0.16 0.20

FA*IR(country) 0.34 0.34 9.68 7.51 7.51 1.50 0.85 0.16 0.20

FA*IR(prem.) 0.92 0.77 3.04 5.09 5.08 4.23 0.85 0.15 0.20

FA*IR(country,prem.) 0.50 0.49 10.54 5.84 5.84 2.96 0.85 0.16 0.20

userfairness(country) 1.00 0.89 2.57 7.57 7.57 1.49 0.85 0.16 0.20

userfairness(prem.) 1.00 0.89 2.57 7.57 7.57 1.49 0.85 0.16 0.20

CP-Fair(country) 1.00 0.88 2.57 7.58 7.57 1.49 0.85 0.16 0.20

CP-Fair(prem.) 1.00 0.88 2.59 7.54 7.51 1.49 0.85 0.16 0.20

TFROM(country) 1.00 0.89 2.56 7.57 7.57 1.49 0.85 0.16 0.20

TFROM(prem.) 1.00 0.89 2.56 7.57 7.57 1.49 0.85 0.16 0.20

TFROM(country,prem.) 1.00 0.89 2.56 7.57 7.57 1.49 0.85 0.16 0.20

TSF-ATT 1.00 0.88 2.55 7.28 7.28 1.70 0.83 0.15 0.20

TSF-Fair(RGI(country)) 0.75 0.57 3.62 6.77 6.77 1.61 0.69 0.10 0.24

TSF-Fair(RGI(prem.)) 1.07 0.77 1.86 6.37 6.36 1.60 0.64 0.12 0.25

TSF-Fair(RUP(country)) 1.00 0.75 1.69 6.63 6.61 1.62 0.65 0.12 0.25

metrics for both the country and the premium attribute, depending on the type
of optimization, except for RGI(country) for which only TSF-Fair(RGI(country))
obtains improvements. Overall, TSF obtains better improvements than the user-
side and two-sided fairness approaches, but lower than of the item-side approach.
When looking at the diversity, only TSF makes improvements. As TSF incor-
porates recruiter-side signals, if a candidate receives low interest from recruiters
associated with one group of jobs but high interest from recruiters associated
with another, the fusion will promote jobs from the latter group, thus enhancing
both the item-side fairness and the diversity.

User Fairness. Respecting user’s preferences with respect to the premium
attribute is not trivial, since candidates are not aware of whether a job is
premium. In contrast, taking into account the user’s preference for a specific
country is more important, as users who are not willing to relocate will not be
interested in jobs abroad. None of the baselines show improvements in terms of
respecting the user preferences. FA*IR, the item-side approach, shows the high-
est increase in the discrepancy with the user preference, while user-side and two-
sided approaches show only a slight increase, showing that they are more inline
with the users preference even though their user-side optimization objective is
based on quality of recommendations. In contrast, TSF shows improvements for
RUP(country).
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TSF-Fair. We propose learning a personalized αu hyperparameter given some
fairness constraints (TSF-Fair). TSF-Fair outperforms TSF-ATT on all met-
rics, achieving the largest gains for the metric it was optimized for. Notably, on
RUP(country) TSF-Fair obtains the best outcomes. There seem to be trade-off
in optimizing for RGI(country) and RUP(country); optimizing for one comes at
the trade-off of the other. All TSF-Fair variants improve RGI(global) for both
attributes. Interestingly, optimizing for RGI(country) improves RGI(premium),
while optimizing for RGI(premium) does not improve the RGI(country). Com-
paring TSF-Fair with the use of a global α (Fig. 4 TSF-SUM), we observe that
TSF-Fair outperforms the global-α approach. Moreover, TSF-Fair makes signif-
icant improvements in terms of diversity, obtaining the best improvements.

Utility. In contrast to most baselines, TSF shows a decrease in utility. This is
expected, as TSF de-prioritizes offers reflecting only the candidates interest, how-
ever, this can benefit the users by prioritizing offers from interested recruiters.

Overall, TSF, our proposed two-sided fusion method, can obtain consistent
improvements across item-side fairness metrics for both the country and the
premium attribute, while obtaining improvements in terms of user preferences,
keeping a good balance between item-user fairness, but with a trade-off on utility.
Additionally it makes significant improvements in terms of diversity.

5.2 Candidate-Job Compatibility

Fig. 3. Compatibility@10 of added/removed items in comparison with BPR

To measure the quality of matches we compute a compatibility score between the
candidate profile and job offer. We argue that by increasing the compatibility,
we help increase the mutual interest, as candidates are more likely to interact
with jobs aligning with their skills, and recruiters with candidates whose skills
align with the job offer. Table 2 shows an overview of the compatibility scores
(Comp). It can be observed that none of the baselines affect the overall compat-
ibility. In contrast, TSF-Fair improves the compatibility, as we take into account
both the recruiter and the candidate signals, boosting job offers with mutual
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interest, and therefore, mutual compatibility. This shows that the joint model-
ing of candidate-recruiter signals, under fairness goals can obtain significant fair-
ness improvements, while improving the quality of matches between candidates
and recruiters. This could potentially benefit the stakeholders of a recruitment
platform: (i) the candidate – as they are more likely to be recommended jobs
for which they are a good fit and for which there is a mutual interest, (ii) the
recruiter – as they get applications from fitting candidates, and more exposure,
and (iii) the platform as it gains more engagement.

Next, we analyze the compatibility of added vs removed items (Fig. 3). Added
items appear in the new recommendation list but not in the BPR’s, while
removed items are those removed from BPR. Ideally, added items should have
higher compatibility than removed ones across all groups. This gives insight
into whether the candidates are losing more than winning in terms of compat-
ibility. As expected, FA*IR removes jobs from the disadvantaged groups and
adds jobs from the advantaged ones, with overall added jobs having higher com-
patibility. However, FA*IR(country) affects the premium attribute by removing
some items with higher compatibility than the ones added. User-fairness adds
underrepresented jobs with higher compatibility than the ones removed, but
for user-fairness(country) the removed premium ones have a higher compatibil-
ity than the added ones. For CP-Fair the compatibility of items added of the
disadvantaged groups is higher than of the removed ones, while for the the
advantaged groups the compatibility of the removed ones is higher than of the
added. CP-Fair(premium) removes some non-german jobs with higher compati-
bility than the ones added. All TFROM approaches increase the compatibility of
added items much more than the other approaches, but only for the advantaged
groups. There are no changes in the recommendation lists with respect to the
disadvantaged groups. Overall, TSF-ATT consistently adds items with higher
compatibility than the ones removed across all item groups.

5.3 Balancing Recruiter and Candidate Signals

In this section we discuss how the α hyperparameter of balancing the candidate-
recruiter signals in the fusion impacts the two-sided fairness, as well as the
compatibility and utility, over various fusion strategies (Fig. 4).

TSF with a global α shows similar trends over various fusion strategies,
except for TSF-MAX/MIN, which takes the fusion score to be the max/min
score of one of the lists. TSF-MAX favors jobs highly scored by either side, while
TSF-MIN prioritizes mutual agreement on the scores (lower score discrepancy).
Lowering α the diversity of the jobs recommended improves, as the gini index is
lower. Analyzing the job groups, we observed that lowering α increases the overall
number of non-premium and non-german jobs, groups which are overall under-
represented in the recommendations. This improves the global item-side fairness
metric for both country and premium. For premium we observed same trend
between RGI per user and global, while the RUP is worse, but respecting the user
preferences for the premium attribute is not trivial. For the country attribute, we
can observe a trade-off between item-side fairness per user (RGI) and respecting
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Fig. 4. Effect of the fusion parameter α on two-sided fusion. Lower α gives more weight
to recruiter signals, while higher α to candidate signals

the user preferences (RUP). It seems that increasing the number of underrepre-
sented jobs in the recommendations, helps in respecting the user preferences. By
increasing the number of non-german jobs in the recommendations, candidates
with an interest in non-german jobs get their preferences respected, but this
comes at the cost of RGI as respecting the proportionality of the item groups
in each recommendation list is not possible. Lowering α favors the recruiter
signals; if a candidate receives low interest from recruiters associated with one
group but high interest from recruiters associated with another, the fusion will
promote jobs from the latter group, thus depending on the interest and distri-
bution of recruiters, this enhances diversity leading to improvements in fairness.
Compatibility increases when lowering α as it emphasizes recruiter signals, which
better reflect candidatejob fit; this reduces utility by de-prioritizing user inter-
est. In contrast, higher α favors user preferences, while lowering compatibility,
as user’s interest might not necessary reflect a good profile match.

6 Conclusion

We have modeled recruitment platforms as two-sided platforms with two active
and distinct pools of users with independent goals. Candidates aim to find a job
given their personal preference and goals, while recruiters aim to find the best
candidate for the job description. We propose TSF, a two-sided fusion approach,
which models the two-sided preferences to enhance the quality of the matches.
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We go beyond quality of matches, and show that TSF can be used for enhancing
fairness and diversity, while improving or maintaining the compatibility. TSF can
obtain significant fairness improvements, while improving compatibility. TSF can
improve recruitment outcomes for candidates by recommending jobs with higher
mutual compatibility and by increasing the diversity of the jobs recommended,
which in turn helps distribute applications more evenly and reduces competi-
tiveness for popular jobs. Due to the lack of public data, this research is limited
to only one recruitment dataset, for which the recruiter interactions were very
sparse, resulting in using the transpose user-item interaction matrix instead.
Future work could focus on designing more comprehensive recruitment datasets,
or simulators specifically designed for recruitment, especially for the recruiter
signals, to help understand under which conditions the proposed method fails,
and whether unwanted biases are introduced.
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