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Abstract
Job recommendation platforms such as LinkedIn play an im-
portant role in effectively matching job postings and job seek-
ers. The problem of recommending jobs to potential candi-
dates is essentially different from traditional recommendation
problems such as recommending movies or music to users
since a job posting usually targets for hiring a limited num-
ber of employees, which means that quantity constraints are
imposed on recommendation conversions. Therefore, recom-
mending a job to an unnecessarily large number of users will
not only cost companies excessive efforts in the process of
reviewing and interviewing, but also result in intense compe-
tition among job seekers on the same job. To solve this prob-
lem in a more efficient way, we model the job recommen-
dation task as a resource allocation problem where jobs are
recommended under certain quantity constraints. Moreover,
to enhance the fairness of users in the job recommendation
task, we expect that the recommendation results are consis-
tent to users of different groups after the allocation process.
To this end, we propose a framework based on a re-ranking
approach with quantity and fairness constraints that generates
high-quality recommendations while mitigating the disparity
of recommendation results between different user groups. In
experiments, we focus on a practical case of user fairness in
job recommendation to improve salary fairness over gender.
The experimental results on a real-world dataset with various
representative recommendation algorithms show that our ap-
proach not only generates better distribution of job postings in
recommendation lists, but also improves user group fairness
while maintaining competitive recommendation qualities.

Introduction
Job recommendation is an important research topic that can
benefit both job seekers and job providers (Al-Otaibi and
Ykhlef 2012). The task of recommending jobs to potential
job seekers is fundamentally different from recommending
traditional items such as movies or music to users (Borisyuk,
Zhang, and Kenthapadi 2017). In traditional recommenda-
tion problems, the quantities of items are usually assumed
as infinite. Suppliers expect their items to be recommended
to as many users as possible to improve conversions and
profits. However, in the scenario of recommending jobs, it
is not desirable if the system recommends a job posting to
an unnecessarily large number of job seekers. From the job
providers side, a job posting usually only intends to hire one
or a few employees. Therefore, the workload of reviewing

resumes and conducting interviews can greatly exceed ex-
pectation if an unnecessarily large number of applications
are received. From the job seekers side, a person usually can
accept only one job offer. If too many job seekers compete
for the same job, the competition for getting the job will be-
come more intense, thus reducing the chances of job seekers
being hired. Moreover, modern recommender systems are
usually built based on the principle of collaborative filter-
ing, therefore, they easily suffer from popularity bias issues
(Abdollahpouri, Burke, and Mobasher 2017, 2019), i.e., the
popular items will get more exposure than those less inter-
acted ones. In job recommendation scenario, job providers
may leave the recommendation platform if they always get
low exposure and receive too few applications when their
postings expire, which may further reduce the chance for
job seekers to find satisfactory jobs. Therefore, it is also im-
portant to ensure a reasonable amount of exposure for job
postings to facilitate the long-term development of job rec-
ommendation platforms.

Based on aforementioned considerations, we propose a
novel approach to model the job recommendation task as
a resource allocation problem. Online resource allocation
aims to divide an online resource from producers to con-
sumers with their preferences over the resource. The allo-
cation process is usually implicitly realized through search
and recommendation since enforced service allocation is not
granted by law (Zhang, Zhang, and Friedman 2017). In the
job recommendation problem, we treat jobs as resources
with limited quantities and aim to recommend each job post-
ing to the most qualified job seekers under certain quantity
restrictions. Specifically, each job is assigned with an upper
bound for the allocation quantity according to their hiring
demands to avoid overwhelmed exposure in the recruitment
process. Meanwhile, each job is also assigned with a lower
bound for the allocation quantity to ensure a reasonable min-
imum exposure for job postings. Moreover, the fairness de-
mands of job seekers also need to be considered during the
allocation process. In this paper, we consider group fairness
for job seekers and aim to allocate/recommend job postings
equally across different user groups.

Technically, we introduce a framework to achieve fair re-
source allocation for job recommendation. The framework
is designed based on a post-processing approach with the
advantage of making no assumption on the underlying rec-



ommendation model and offer model-agnostic flexibility.
Specifically, we provide a re-ranking method with alloca-
tion quantity constraints and group fairness constraints to re-
rank the recommendation lists generated from a base recom-
mender algorithm. We conduct experiments on a real-world
dataset with several representative recommendation models
to show the effectiveness of our method. In experiments, we
study the unfair performance of base models which tend to
recommend more lower-salary jobs to female job seekers,
and show that our method can generate fairer recommen-
dations by mitigating the salary difference of recommended
jobs to users of different genders. The experimental results
show that our method can reduce unfairness between pro-
tected and advantaged user groups and generate a more rea-
sonable distribution of job postings in top-N recommenda-
tion lists without losing the recommendation accuracy.

Related Work
As recommender systems have multiple stakeholders, the
fairness of recommendation tasks can be put forward from
different perspectives (Burke 2017; Pitoura, Stefanidis, and
Koutrika 2021). Many fairness-related works concern un-
fairness issues from the item side, and focus on the popular-
ity bias in recommendations. Such problem can be addressed
by increasing the number of unpopular items, or otherwise,
the overall catalog coverage in the final recommendation list
(Adomavicius and Kwon 2011; Kamishima et al. 2014; Ab-
dollahpouri, Burke, and Mobasher 2017, 2019). Some other
works also consider user-side unfairness issues, for exam-
ple, Lin et al. (Lin et al. 2017) consider user fairness in
group recommendation and propose the optimization frame-
work based on Pareto Efficiency; Machado and Stefani-
dis(Machado and Stefanidis 2019) focus on the problem of
allocating the best members in a fair way between the teams
in team recommendations; Li et al. (Li et al. 2021a) study
group fairness for users and require recommender system
to treat active and inactive users consistently; Li et al. (Li
et al. 2021b) achieve personalized counterfactual fairness for
users in recommendation. There are also works considering
fairness in recommendation from a multi-sided view. Exam-
ples include Mehrotra et al. (Mehrotra et al. 2018), which
jointly optimizes fairness and performance in two-sided
marketplace platforms; Abdollahpouri and Burke (Abdol-
lahpouri and Burke 2019), which introduces several group
fairness properties under multi-stakeholder scenario; and Pa-
tro et al. (Patro et al. 2020), which explores individual fair-
ness in two-sided platforms from the view of long-term sus-
tainability. In this paper, we consider the particularity of job
recommendation tasks and improve user group fairness to-
gether with minimum exposure of job postings through fair
resource allocation.

Method
In this section, we present the details of our framework. We
first introduce the preliminaries and notations about resource
allocation and group fairness in job recommendations. After
that, we propose a fair resource allocation algorithm based
on a re-ranking method under constraints.

Resource Allocation
In the problem of job recommendation, we have user (job
seeker) set U = {u1, u2, · · · , un}, and item (job posting)
set V = {v1, v2, · · · , vm}, where n = |U|, m = |V|. The
task of recommender system is to provide each user ui a top-
N recommendation list {v1, v2, · · · , vN |ui} through pre-
dicting the matching degree between the user and the can-
didate items. As we discussed before, we model the task
of job recommendation as a resource allocation problem.
We consider the quantity of each job posting is limited. Let
q = [q1, q2, · · · , qm] be the resource quantity vector, where
qj ≥ 0 is the total amount that job posting vj can be recom-
mended in the system. The resource allocation problem aims
to find an allocation matrix Q = [Qij ]n×m, where Qij ≥ 0
is the quantity that job seeker ui is recommended with job
posting vj . To meet the resource quantity restriction repre-
sented by vector q, we need

∑n
i=1 Qij ≤ qj for each job

posting vj . In job recommendation, it is reasonable to re-
quire that Qij ∈ {0, 1}, since we usually only consider if
or not to recommend a job to a job seeker, and it makes no
sense if a job posting appears in a user’s top-N recommen-
dation list more than once. Specifically, if Qij is learned to
be 1, the job posting vj will be recommended to job seeker
ui, otherwise, if Qij = 0, we will not recommend vj to ui.
To generate top-N recommendation lists for users, we re-
quire

∑m
j=1 Qij = N for every user ui.

User Group Fairness
To study group fairness for users, we first divide users into
advantaged and disadvantaged (protected) groups based on a
certain grouping method. For example, we can divide users
based on their sensitive features such as gender to study
whether there exists algorithmic bias on gender. Group fair-
ness requires that the protected group should be treated sim-
ilarly to the advantaged group (Pedreschi, Ruggieri, and
Turini 2009). In this paper, we consider dividing users into
groups Z1 and Z2 in accordance with their sensitive features
so that Z1 ∩ Z2 = ∅. The notation F is a metric that can
evaluate the recommendation results for users. For example,
in job recommendation tasks, users can be concerned about
whether they are treated unfairly by always being recom-
mended with jobs of low salaries. In such a case, we can use
F to represent the average salary of jobs in recommendation
lists and study whether there is a significant difference on F
between different user groups. We use F (Qi) to represent
the recommendation result for user i with recommendation
list Qi. The user group fairness in recommendation is de-
fined as follows:
Definition 1 User Group Fairness (UGF)

E[F(Q)|Z = Z1] = E[F(Q)|Z = Z2] (1)

The UGF requires that a recommender system offers
same-quality recommendation results in expectation for dif-
ferent groups of users. Furthermore, we define ε-fairness
recommendation algorithm as follows to measure the user
group unfairness of an algorithm:
Definition 2 (ε-fairness) A recommendation algorithm sat-
isfies ε-fairness if:



UGF (Z1, Z2,Q) =

∣∣∣∣∣ 1

|Z1|
∑
i∈Z1

F (Qi)−
1

|Z2|
∑
i∈Z2

F (Qi)

∣∣∣∣∣ ≤ ε.

(2)
Here the ε represents the strictness of fairness require-

ments. It trades off the fairness and the recommendation per-
formance. A smaller ε usually means a stricter fairness re-
quirement and more sacrifice of recommendation accuracy
to satisfy fairness demands.

Fair Resource Allocation Algorithm
In this section, we propose a framework to achieve fair
resource allocation for job recommendation. To provide
model-agnostic flexibility, we propose to re-rank the rec-
ommendation lists produced by traditional fairness-unaware
recommender systems under quantity and fairness con-
straints.

For each user-item pair (i, j), a recommender system usu-
ally learns a matching score Sij to represent the preference
of user ui towards item vj . Here we follow the matching
scores calculated by the base recommendation model and
re-rank the recommendation list so as to achieve the optimal
balance between recommendation utility and fairness. To
this end, we model users’ satisfaction with the recommen-
dation results through a utility function, and we adopt the
frequently used personalized utility function (Zhang et al.
2016) which satisfies the diminishing marginal utility re-
quirement:

Uij (Qij) =
1

1 + e−Sij
·Qij (3)

where Uij (Qij) represents the utility when supplying a
quantity Qij of item vj to user ui. The intuition of equation
(3) is straightforward: the utility is modeled by the sigmoid
function so that the utility value Uij is between 0 and 1.
Given a user ui, for items with Qij = 1, a larger preference
score Sij leads to a larger utility score Uij , which represents
higher satisfaction. And for items with Qij = 0, the utility
score Uij will be 0 since those items are not assigned to the
user.

We develop a re-ranking algorithm to maximize the total
utility of users under the quantity and fairness constraints to
generate fair top-N recommendation lists. The optimization
procedure of fair resource allocation for job recommenda-
tion is as follows:

max
Qij

n∑
i=1

m∑
j=1

1

1 + e−Sij
·Qij

s.t. UGF (Z1, Z2,Q) < ε

aj ≤
n∑

i=1

Qij ≤ qj ,

m∑
j=1

Qij = N, Qij ∈ {0, 1},∀i, j

(4)

This objective function can be interpreted as that, for each
user, we select N items out of the candidates set and recom-
mend them to the user so that the total utility can be maxi-

mized. Meanwhile, these selected items make sure that the
top-N recommendation list satisfies the quantity and fair-
ness constraints. Here aj is the lower bound of the quan-
tity constraint, which requires a minimum exposure for each
item. In practice, the value of aj and qj can be directly spec-
ified by job providers, for example, some job providers re-
quire a minimum exposure rate when signing contract with
the job recommendation platform. If necessary, the quan-
tity restrictions can also be decided by taking into account
the job provider’s expected number of hires and the conver-
sion rate of the recommendation platform, for example, the
value of aj and qj can be set proportional to the number of
employees that the job provider plans to hire. The optimiza-
tion problem here can be solved as a 0–1 integer program-
ming problem. We can find feasible solutions to this prob-
lem through fast heuristics1. For each user, we rank those N
items whose Qij = 1 according to the preference score Sij

to construct the final recommendation list.

Experiments
In this section, we first briefly describe the dataset, baselines,
and experimental settings used for experiments. After that,
we evaluate our proposed fair resource allocation framework
on top of the baselines to show its desirable performance. To
study user group fairness, we consider the important gender-
salary fairness in job recommendation, where the goal is to
reduce the gender-based wage gap between male and female
job seekers without hurting the recommendation accuracy.
Specifically, we divide users according to their gender into
the male group and the female group. We use F (Qi) to rep-
resent the average salary of user i’s recommended jobs in the
top-N list, and calculate UGF@N to show the salary gap be-
tween the recommended jobs of male and female groups.

Dataset
We use a real-world dataset from a private entity to study
fairness in job recommendation. The dataset includes user
gender information and company features such as company
size and salary (in U.S. dollars). The dataset includes 17,072
user-company interactions, 3,000 users, and 5,105 compa-
nies. In our experiments, we randomly split the dataset into
the train (80%), validation (10%) and test sets (10%), and all
models are trained, validated and tested on the same dataset.

Baselines
Our proposed method is a framework that can be applied on
any recommendation model as long as it predicts the pref-
erence score for user-item pairs. To evaluate the effective-
ness of our framework, we apply it over both shallow and
deep recommendation models, including two shallow mod-
els (PMF and BiasedMF), one deep model (NeuMF), as
well as one sequential model (STAMP).

• PMF (Mnih and Salakhutdinov 2008): It is a probabilis-
tic matrix factorization algorithm which adds Gaussian
prior into the user and item representation distribution.

1We use gurobi solver in our experiment.
https://www.gurobi.com



Table 1: Recommendation and fairness performance of our
method (re-Ranked), and baseline models. The evaluation
metrics are calculated based on top-10 predictions in test set.
UGF@10 is the difference of average salary between male
and female groups.

Model NDCG@10 HR@10 F1@10 UGF@10

PMF Baseline 0.0928 0.1295 0.0286 $14,368
re-Ranked 0.0924 0.1265 0.0280 $967

BiasedMF Baseline 0.0760 0.1066 0.0236 $16,050
re-Ranked 0.0727 0.1043 0.0231 $960

NeuMF Baseline 0.0747 0.1037 0.0230 $10,666
re-Ranked 0.0740 0.1025 0.0227 $980

STAMP Baseline 0.0698 0.0808 0.0172 $4,155
re-Ranked 0.0728 0.0902 0.0190 $952

• BiasedMF (Koren, Bell, and Volinsky 2009): It is a ma-
trix factorization algorithm which takes user, item and
global bias terms into consideration.

• NeuMF (He et al. 2017): It is an algorithm which applies
deep neural network with non-linear activation functions
to learn matching function for user-item pair.

• STAMP (Liu et al. 2018): It is a session-based recom-
mendation model built on attention mechanism to cap-
ture user’s long-term and short-term preferences.

Evaluation

We use standard ranking metrics Hit Rate (HR), F1 score,
and Normalized Discounted Cumulative Gain (NDCG) to
evaluate the top-K recommendation quality and use UGF
to evaluate user fairness. We treat the entire non-interacted
item set as a user’s candidate list (all-item ranking), and
compute the metric scores over this candidate list to evaluate
the top-N recommendation performance. The results of all
metrics in our experiments are averaged over all users.

Implementation Details

We apply Bayesian Personalized Ranking (BPR) (Rendle
et al. 2012) loss for all the models. Specifically, we ran-
domly sample one item that a user has never interacted with
as the negative sample for each observed user-item pair dur-
ing each training epoch. We tune the hyper-parameters of all
the models to reach their best performance. The best mod-
els are selected based on the performance on the validation
set within 100 epochs. Since we do not have information
about how many employees the company plans to hire, we
use the quantity that is proportional to the company size to
simulate the hiring demands with the reasonable assumption
that larger companies tend to have more opening positions.
To simulate the exposure demands of job providers, we set
the upper bound of the quantity constraint to 40-60% of the
company size and set the lower bound of the quantity con-
straint as 3 to 5. For the user-side fairness constraint, we set
the maximum difference of the average salary between male
and female user groups to 1,000 U.S. dollars.

Experimental Results
Recommendation Performance We first compare the
recommendation performance of our method with baseline
models, and the results are shown in Table.1. We can see that
our method achieves competitive recommendation accuracy
compared with baseline models. For the sequential model
STAMP, our method even gets better results on all the eval-
uation metrics. These results show that although our method
aims to achieve multiple goals including user fairness and
more reasonable exposure of job postings, we do not have to
sacrifice recommendation accuracy.

Effect of Fairness Constraint We then analyze the fair-
ness improvement and the effect of fairness constraint in the
learning process. From the results of UGF@10 in Table.1,
we can see that our method is very effective at improving
fairness for users. For all the baseline models, we observe
that male users tend to get job recommendations of higher
salaries than female users. The significant difference in the
average salary of the top-10 recommendation lists between
male and female groups implies that the fairness-unaware
recommendation models tend to treat female users unfairly
by recommending more low-salary jobs to them. Moreover,
we can see that our method can narrow the gap significantly,
while maintaining the recommendation quality. The fairer
recommendations will provide female users more opportu-
nities to get high-salary jobs and better careers. To study the
effect of fairness constraint, we also conduct experiments
of re-ranking the recommendation lists based only on fair-
ness constraint. We show the recommendation performance
of NeuMF as an example in Fig.(1a), and other models have
similar trends. We find that adding the fairness constraint
will reduce the recommendation quality, which is reasonable
since it narrows the solution space of the learning problem.

Effect of Quantity Constraint We also study the effect
of quantity constraints in the re-ranking process. Firstly,
we conduct experiments of doing re-ranking based only on
quantity constraints. From the results of Fig.(1a), we observe
that adding quantity constraints can improve the recommen-
dation performance since the quantity constraints help the
recommendation model converge to a quantitatively reason-
able solution without over-exposing some jobs or under-
exposing others. Besides, we group companies according
to their hiring scale, and plot the average exposure of com-
pany groups in the recommendation results in Fig.(1b). The
groups G0, G1, G2 are companies with size less than 1000,
1000 to 5000, and larger than 5000, respectively. From the
figure, we can see that for the companies that have relatively
smaller sizes (G0 and G1) and only plan to hire a few em-
ployees, our method can improve their exposure in recom-
mendation platforms. Such companies are often less popu-
lar in the marketplaces and suffer from low exposure and
fewer applications. Therefore, improving their exposure can
help platforms to retain small companies and to improve the
opportunities for users to find satisfactory jobs. For those
companies (G2) of larger size and more popular in the plat-
form, our method is effective to help them get rid of unnec-
essary applications since our method reduces exposure for
them without hurting the recommendation accuracy. There-



(a) (b)

Figure 1: (a) Recommendation performance of re-ranking on
NeuMF under different constraints; (b) Averaged exposure
of job postings w.r.t different company groups.

fore, the results show that our method can generate fairer and
more accurate job recommendations, help platforms to im-
prove user satisfaction, and may also contribute to the long-
term prospering of the job recommendation platform and job
markets.

Conclusion
In this paper, we emphasize the importance and necessity
to consider the quantity limitations and fairness demands in
job recommendation task, and propose to model the job rec-
ommendation as a resource allocation problem. We propose
a framework to achieve fair resource allocation for job rec-
ommendations through a post-processing method. Experi-
mental results show that our method is able to improve the
recommendation fairness between protected and advantaged
user groups while maintaining desirable recommendation
accuracy.
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