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Abstract

Transformer-based Job Ranking Systems
(JRSs) are vulnerable to societal biases inher-
ited in unbalanced datasets. These biases often
manifest as unjust job rankings, particularly
disadvantaging candidates of different genders.
Most bias mitigation techniques leverage can-
didates’ gender and align gender distributions
within the embeddings of JRSs to mitigate bias.
While such methods effectively align distribu-
tional properties and make JRSs agnostic to
gender, they frequently fall short in addressing
empirical fairness metrics, such as the perfor-
mance gap across genders. In this study, we
shift our attention from candidate gender to
mitigate bias based on gendered language in
job advertisements. We propose a novel neu-
trality score based on automatically discovered
biased words in job ads and use it to re-rank
the model’s decisions. We evaluate our method
by comparing it with different bias mitigation
strategies and empirically demonstrate that our
proposed method not only improves fairness
but can also enhance the model’s performance.

1 Introduction

Nowadays, transformer-based language models
(LMs) are being used for a variety of tasks such
as document classification (Adhikari et al., 2019;
Kong et al., 2022), information retrieval (Rekab-
saz et al., 2021), text generation (Raffel et al.,
2020), and recommender systems (RecSys) (Sun
et al., 2019). Despite their effectiveness, these
models tend to inherit societal biases (e.g., gen-
der bias) present in their training data. Recent
studies have concentrated on analyzing the impact
of these biases on model decision-making and de-
veloping strategies to mitigate them, through pre-
processing (Park et al., 2018), in-processing (Ku-
mar et al., 2023b), or post-processing (Pour et al.,
2023). Among various applications, the usage of

*These authors contributed equally to this work

LMs as RecSys, particularly as Job Ranking Sys-
tems (JRSs), is of significant importance. Minor
alterations in the ranking of JRSs with the contribu-
tion of the sensitive attributes can lead to discrim-
ination against certain demographic groups (e.g.,
females or older individuals). Research in this do-
main has focused on leveraging encoder or decoder
LMs to reduce bias in the job advertisement recom-
mendations for various demographic groups (Rus
et al., 2022). Common mitigation strategies often
utilize candidates’ sensitive attributes (e.g., gen-
der, age), as labeled data to render the model’s
embeddings agnostic to target attributes (Bhardwaj
et al., 2021). In this study, we propose a novel
approach that leverages implicit bias within job
advertisements to mitigate gender bias on encoder
LMs. Instead of relying on candidates’ gender,
we introduce a new neutrality score, calculated
based on implicit biased terms that are automat-
ically derived from job advertisements. We im-
plement our method on two encoder LMs namely
BERT-Base and DistillRoBERTa following previ-
ous works and due to their strong contextual under-
standing and representational power to encode natu-
ral language. We evaluate our proposed re-ranking
strategy and compare it with other successful bias
mitigation techniques. Our findings demonstrate
that our proposed method not only enhances the
model’s fairness but can also yield improvements
in performance on the primary task—an outcome
not achieved by other methods. In summary, our
contributions are as follows: (1) We introduce a
novel neutrality score derived from implicit biased
terms present in job advertisements. (2) We demon-
strate that re-ranking jobs according to our neutral-
ity score enhances both fairness and task perfor-
mance. The code for our study is available at the
following link: GitHub.
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2 Related Work

JRSs, similar to LMs, suffer from various societal
biases (Amer-Yahia et al., 2020) and have been
investigated in the past on various popular plat-
forms (Tang et al., 2017; Zhang, 2021; Amer-Yahia
et al., 2020). The mitigation approaches for these
biases are mostly focused on pre-processing ap-
proaches (Kumar et al.), such as replacing gen-
dered pronouns with gender-neutral pronouns (Rus
et al., 2022) or directing candidates to dedicated
JRSs for particular attributes (Shishehchi and Ban-
ihashem, 2019; Ntioudis et al., 2022). Rus et al.
(2022) also try in-processing bias mitigation using
adversarial debiasing. They tried to make hidden
representation agnostic to the candidate’s gender
adversarially. A post-processing debiasing of JRS
is investigated by Li et al. (2023) through reranking
the model output based on the candidate’s gender to
achieve a fairness constraint over the whole dataset.

The work most closely related to ours is that of
Rekabsaz et al. (2021), who introduced neutrality
score based on explicit bias words derived from a
pre-defined dictionary to enforce neutrality in in-
formation retrieval. Our approach diverges from
theirs in several key aspects. Firstly, our focus is
implicit gendered language in job advertisements,
building on the methodology established by Kumar
et al. (2023a) for candidate ranking systems. Addi-
tionally, we formulate our neutrality score based on
the biasedness of words rather than relying solely
on binary gendered terms. Lastly, we apply our
neutrality score directly to the ranking process of
the model, enhancing both its performance and
neutrality.

3 Methodology

To find better representation between genders, we
introduce a three-stage approach: (1) we acquire
the biased words in job advertisements and their bi-
asedness(Section 3.1). (2) we use specific words as-
signed for each class of job and introduce a neutral-
ity score based on their biasedness and frequency
of usage in job advertisements(Section 3.2). (3) we
utilize the new job advertisement neutrality score
to re-rank the jobs.

3.1 Acquiring Biased Words

In order to extract the implicit biased words, we
follow the footsteps of Kumar et al. (2023a) on
candidate ranking system. We introduce gender
counterfactual of the CVs and unitize integrated

gradient (Sundararajan et al., 2017) to find the con-
tribution of words in job advertisement towards
the ranking score of candidates and their gender
counterfactual. Then we normalize and scale the
ranking scores according to the rank of the can-
didate. Finally we average over all job advertise-
ments belonging to the same job class. We call
these values the biasedness of the words, and the
words with biasedness above a certain threshold
are bias words.

3.2 Neutrality Score
In order to obtain the neutrality score, we collect a
bag of the top 20 bias words* for each job class with
normalized biasedness score. Then, we calculate
the neutrality score (N ) for each document (D =
d1, d2, ....dn) based on the frequency of occurrence
(fdi

w ) of each of the bias words (w) in the respective
document (di) and the biasedness (bw) of words (w)
following equation 1.

Ndi =





1, if
∑

w∈Top20
fdi
w ≤ 1

1−
∑

w∈Top20
bwf

di
w

∑
w∈Top20

f
di
w

, otherwise

(1)
The neutrality score, ranging from 0 to 1, reflects

the level of bias in a job ad. Considering gender
was used as an indirect bias indicator, we expect
increasing neutrality in recommended documents
to help make the model fairer toward gender sub-
groups.

3.3 Re-ranking
Re-ranking of documents serves as an effective
post-processing technique to enhance the neutrality
of the model. In this approach, the model initially
ranks job advertisements based on their relevance
scores. Subsequently, we take top-ranked adver-
tisements (the top 10 advertisements based on rele-
vance), and re-order according to a neutrality score,
thus improving the overall neutrality of the recom-
mendations.

4 Experiment Setup

4.1 Dataset
The dataset is based on job advertisements from
UK portals and candidates are biographies from

*We used BERT-base for finding biased words. Given the
context length of the model to be 512, we put threshold on the
biasedness of individual word to be above 10/512. This choice
led to 20 words found on average per job advertisement. We
tried 1/512 and 100/512 threshold too, this led to low neutrality
for all ads and neutrality being almost binary respectively.
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the BIOS dataset (De-Arteaga et al., 2019). First,
we match the labels in the job advertisements and
the labels in biographies to create ground truth rel-
evance. We only keep job classes with at least 10
job advertisements. Then, we replaced all names
with Bob for male candidates and Alice for female
candidates. This helps us to mitigate the effect
of the degree of genderdness that different names
have. As another pre-processing step, we remove
the mention of the current profession from biogra-
phies to make the task more difficult. Subsequently,
biographies are sampled to ensure equal distribu-
tion across all job classes, i.e., 200 candidates per
job class. Furthermore, we try to mimic the real-
world gender distribution of the UK job landscape
for each job class. For each job class in our dataset,
we collect the most recent gender distribution from
different sources (See Appendix). The resulting
dataset contains 2085 job advertisements for 14 job
classes and 200 biographies for each job class. The
biographies are split into train, test, and validation
splits of 70, 20 and 10 percent. We load the train-
ing set with 4 negative samples for each positive
sample.

4.2 Models

We use CrossEncoder (Reimers and Gurevych,
2019) as our JRs, and we run CrossEncoder
with BERT-Base (Devlin et al., 2018) and Dis-
tilRoBERTa (Liu et al., 2019). Both models are
transformer-based encoder language models used
for various natural language processing, such as
document classification and information retrieval.
The models are based on a self-attention mecha-
nism, which allows them to focus on specific parts
of the sequence that the model deems to be infor-
mative about the task. We use BM25 (Lin et al.,
2021) as our initial ranker and CrossEncoder as our
final ranker for both training and evaluation. This
helps us achieve high performance.

4.3 Debiasing methods

Data Augmentation: A baseline pre-processing
approach to mitigate bias in language models is
to balance the presence of females and males be-
fore training. We used balancing with weighted
sampling between males and females of each job
class. For weights we calculate the proportion
of female to male for each class and multiply
it by the total proportion of female to male ap-
pearance in the dataset. (e.g., Weightdoctorfemale =

Weight male
female

#male doctor
#female doctor )

Regularization: In this method the task head
which is responsible to estimate the relevancy of
the document is used to estimate the neutrality as
well adding a new optimization loss to the model.
In other words we are forcing the network to rank
documents not just by relevancy but neutrality as
well. The overall objective loss is binary cross-
entropy loss at its core for relevancy, as shown in
Eq. 3 where zi is the logits of the language mod-
els. For regularization, we use L1 distance between
neutrality scores and logits of the language model.
λ is the regularization coefficient which determines
the power of regularization. Equation 2 shows the
overall loss of the proposed regularization method.

Ltotal = Ltask + λLregularization (2)

Ltask = yi log σ(zi)+(1−yi) log(1−σ(zi) (3)

4.4 Training and Evaluation
Training: We train models for 15 epochs with
a learning rate 1 × 10−5. Training use AdamW
optimizer and λ = 2 which proved best in our ex-
periments. We avoid using any early stopping as
for multi-optimization objectives there is no clearly
defined method to stop model training. Instead, we
slow down training by using 3 epochs warm-up and
linear decay of learning rate until the end of train-
ing which helps the model settle down toward the
end of training. We report the mean and standard
deviation of the results over 3 independent runs to
account for variations.

Evaluation: For the evaluation we used Normal-
ized Discounted Cumulative Gain (NDCG) of top
10 scored job advertisements averaged over all
users as the main ranking task. We also evaluate
our model on several fairness metrics as follow:

Neutrality. As baseline for evaluation we use
our own introduced neutrality score and check the
average top 10 job ad neutrality after re-ranking to
compare with other bias mitigation methods.

Performance Gap.(Deldjoo et al., 2024; Wang
et al., 2023) Performance gap between males and
females is an indicator of empirical fairness of the
model. Ideally, the performance gap between dif-
ferent demographic groups should be zero. For
this metric we calculate the NDCG of the top
10 ranked job ads for our target attribute ρ =
male, female and consider the difference as Gap:
Gap = |NDCG@10male −NDCG@10female|
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Table 1: Task and fairness performance result of BERT-Base and DistilRoBERTa trained on job advertisement
ranking dataset with different debiasing methods like data-augmentation, regularization, and re-ranking.

Model NDCG@10 ↑ Neut ↑ Gap ↓ pvalue ↑ LDR ↓ CFGap ↓
BERT-Base 0.8120.005 0.7380.001 0.1170.002 < 10−3 0.7380.027 0.0270.005

+data augmentaion 0.7980.002 0.7370.002 0.1260.007 < 10−3 0.7040.036 0.0310.004
+regularization 0.7440.009 0.8210.008 0.1240.002 < 10−3 0.4410.053 0.0250.000

+re-ranking 0.8700.007 0.7380.001 0.0650.001 0.005 0.4960.039 0.0250.005
DistilRoBERTa 0.7790.014 0.7350.004 0.1380.008 < 10−3 0.6350.052 0.0210.005

+data augmentaion 0.7340.021 0.7350.002 0.1450.011 < 10−3 0.6690.071 0.0310.009
+regularization 0.6700.011 0.8090.010 0.1270.098 < 10−3 0.4940.042 0.0370.002

+re-ranking 0.8430.013 0.7350.004 0.0870.007 < 10−3 0.3990.056 0.0190.005

We perform T-test between male and female
NDCG with a threshold of 10−3 as significance
test and report p-values.

Counterfactual Gap. We use the counterfactual
dataset explained in 3.1 to calculate a new fairness
metric. First, a counterfactual candidate (ĉ) is cre-
ated based on the gender of the original candidate
(c) for each candidate in the test set (C). Then,
for each candidate, a gap is calculated between
the model performance over the original and its
counterfactual input:
CFGap =

∑
c∈C |NDCG@10c−NDCG@10ĉ|

|C|
List Difference Rate (LDR).(Zhang, 2021) We

take a list-wise approach for our next fairness met-
ric. Instead of calculating the NDCG difference be-
tween the ranked list (Q) for the original candidate
(Qc) and counterfactual candidates (Qĉ), we calcu-
late the normalized Hamming distance between the
two lists:
LDR@10 =

∑
c∈C

∑10
i=1 1(Q@10ci=Q@10ĉi )

|C|
This metric measures the impact of altering the

gender pronoun on the ranked list.
We compare the results of re-ranking a post-

processing method with balancing a pre-processing
method and regularization an in-processing method
in section 5.

5 Results

As it can be seen from table 1 for both BERT-Base
and DistilRoBERTa models, the baseline has a de-
cent NDCG@10 performance with a high perfor-
mance gap between genders. We can see that by ap-
plying data augmentation, the model’s performance
decreases while not affecting neutrality. Interest-
ingly, data augmentation causes an increase in both
Gap and CF Gap metrics but reduces the LDR. As
for the regularization, we can observe that while
also reducing performance on the main task, regu-
larization manages to increase the Neutrality score

Figure 1: Changes in fairness metrics for BERT-Base
as we increase the k in the re-ranking of top-k retrieved
documents

but still fails to reduce the Gap between male and
female performance of the model. Also, it can be
seen that regularization manages to reduce the LDR
and CF Gap. This is due to regularization trying to
increase neutrality at the cost of relevance. Finally,
on both models with re-ranking, we can observe
that re-ranking based on the neutrality score sig-
nificantly increases the model’s performance while
having the best reduction in Gap and CF Gap. it
is noticeable that although LDR of the model is
higher than regularization still compared to base-
line the LDR metric is reduced. With p-value, we
can observe that the male and female NDCG are
indistinguishable only for BERT re-ranking. As
expected, we can see that re-ranking based on neu-
trality on the top 10 relevant results has no effect
on the overall neutrality score. We also analyzed
the re-ranking of the results based on neutrality
score on more than the top 10 rankings (Fig.1)
and observed that as the number of top candidates
increases, the neutrality, LDR, the gap increases
while NDCG@10 decreases. This means that the
bias mitigation effect decreases with the increase
of top-k candidates for re-ranking, and at the same
time, ranking performance also decreases. Which
is similar to the regularization results.
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6 Conclusions

In this study, we address bias in job ranking sys-
tems by introducing a novel neutrality score using
the biasedness of words present in job advertise-
ments. We employed this neutrality score as a re-
ranking strategy following evaluation and demon-
strated its effectiveness in enhancing model per-
formance. Our results show that integrating the
neutrality score not only mitigates bias but also
improves overall performance metrics, offering an
easy and effective approach to job ranking. In the
future, we plan to target non-binary gender.

7 Limitations and ethical concerns

Our work has limitations along several dimensions.
First, dataset is the most significant issue in the
recruitment domain. Due to the sensitive nature
of the job candidate’s profile, there is an absence
of a reliable dataset with CVs. We addressed the
dataset issue by using biographies as an alterna-
tive. But our curated dataset itself is limited along
several axes, such as small dataset, dataset from a
specific geography, limited number of occupations,
and assigned names. We plan to create an artificial
dataset to resolve the problem in the recruitment
domain. We use gender pronouns to infer binary
gender from biographies, which don’t cover the
nuanced definition of gender and can be considered
both a limitation and an ethical issue of the work
at hand. This limits our study to a binary gender
setting. We plan to resolve this issue by incorpo-
rating non-binary gender candidates into an arti-
ficially created dataset. Finally, we narrowed our
study from broad existing language models that use
different architectures, such as LSTM and RNNs,
to transformer-based language models. Specifi-
cally, we conducted our experiments with BERT
and RoBERTa, which limited the work’s findings
to transformer-based language models.
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Job Male,Female

Architect 69, 31
Photographer 85, 15
Psychologist 20, 80
Teacher 25, 75
Nurse 11, 89
Software Engineer 84, 16
Painter 68, 32
Personal Trainer 65, 35
Dietitian 6, 94
Dentist 46, 54
Interior Designer 17, 83
Senior Software Engineer 90, 10
Accountant 55, 45
Paralegal 37, 63

Table 2: UK job’s gender distribution sources.

8 Appendix

8.1 A1
The UK job’s gender distribution (Tab. 2) from
multiple sources is used for replicating the gender
distribution in our dataset.

The examples of words used for neutrality cal-
culation are presented in Tab. 3. These words are
not biased words from the human perspective but
from the model’s perspective. The objective of the
work is not to remove these words from job adver-
tisements but to reduce the bias effects caused by
the presence of these words.

The effect of lambda over regularization is ex-
plored in Fig. 2.
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https://www.statista.com/statistics/1045967/nhs-dentists-in-england-by-gender/#:~:text=Number%20of%20NHS%20dentists%20in%20England%202008%2D2023%2C%20by%20gender&text=In%202018%2F19%20there%20were,male%20dentists%20in%202022%2F23.
https://rss.org.uk/membership/volunteering-and-promoting/statisticians-for-society-initiative/case-studies/british-institute-of-interior-designers/#:~:text=Interior%20design%20students%20were%20compared,%3B%20creative%20arts%20%26%20design).&text=The%20analysis%20showed%20that%20students,83%25%20of%20them%20were%20female!
https://www.linkedin.com/pulse/gender-gap-tech-addressing-disparities-software-engineering#:~:text=Gender%20Disparities%20in%20the%20UK%3A&text=This%20disparity%20becomes%20even%20more,16%25%20at%20entry%2Dlevel.
https://www.ons.gov.uk/aboutus/transparencyandgovernance/freedomofinformationfoi/womeninaccountancyindustry#:~:text=The%20latest%20available%20data%2C%20for,analysts%20and%20advisors%2C%2037.5%25%20women
https://www.simplylawjobs.com/career-hub/articles/career-advice/solicitors-and-barristers/occupational-gender-differences-in-the-legal-industry


Job Biased words

senior software engineer software, senior, engineer, development, team, engineering, experience, design, code, java
software engineer software, engineer, team, development, experience, technology, engineering, data, code
dentist dental, dentist, practice, associate, nhs, care, patients, clinical, private, patient
paralegal legal, para, team, firm, law, litigation, client, property, role, commercial
nurse nurse, nursing, nurses, residents, home, training, registered, clinical, shifts, team
teacher school, pupils, teaching, teachers, children, teacher, students, staff, schools, curriculum
architect architect, projects, design, architectural, practice, residential, team, working, architects
accountant accountant, accounting, accounts, management, tax, finance, audit, reporting, business
painter painter, decor, painters, painting, looking, shift, working, refurbishment, email

Table 3: Some examples of words used for neutrality score.
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Figure 2: Changes in the different Fairness Metrics (a): performance gap (b): LDR (c): Counterfactual gap as we
increase the regularization power by increasing λ
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