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Abstract 
Recommender systems treat users inherently differently. Some-
times, however, personalization turns into discrimination. Gender 
bias occurs when a system treats users differently based on gender. 
While most research discusses measures and countermeasures for 
gender bias, one recent study explored whether users enjoy gen-
der de-biased recommendations. However, its methodology has 
significant shortcomings; It fails to validate its de-biasing method 
appropriately and compares biased and unbiased models that differ 
in key properties. We reproduce the study in a 2x2 between-subjects 
design with 𝑛 = 800 participants. Moreover, we examine the au-
thors’ hypothesis that educating users on gender bias improves 
their attitude towards de-biasing. We find that the genders perceive 
de-biasing differently. The female users —the majority group— rate 
biased recommendations significantly higher while the male users 
—the minority group— indicate no preference. Educating users on 
gender bias increased acceptance non-significantly. We consider our 
contribution vital towards understanding how gender de-biasing 
affects different user groups. 

CCS Concepts 
• Information systems → Recommender systems; • Human-
centered computing → Empirical studies in accessibility; Ac-
cessibility design and evaluation methods; Accessibility technologies. 
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1 Introduction 
Humans interact with recommender systems in nearly all areas 
of life, from news [13, 63], social media [52], to entertainment 
[12, 15, 41]. The design of this interaction, however, goes beyond 
recommendation accuracy [8]. For example, how many items to 
recommend [6], how to organize them [37], and how to present 
them [1, 4] are all design decisions that can influence the user-
system interaction. 

In recent years, the design of the recommendation algorithms 
caught attention for its role in the user-model feedback loop [10, 26, 
33]. When the system gives recommendations, the user provides 
feedback, for example, through clicks or ratings and the system 
updates its user model based on their feedback. Because the system 
determines which information the user receives, it has the potential 
to shape the user’s opinion and behavior over time [39]. Conse-
quently, poorly designed algorithms can lead to propagation and 
reinforcement of biases within the user-model feedback loop [10]. 

One harmful bias prevalent in recommender systems is gender 
bias [20, 50]. Gender bias occurs when the model does not treat 
all genders equally and is especially critical in the domain of ed-
ucational or career recommendation. Existing stereotypes in the 
training data, such as females being statistically associated with 
health care-related occupations, can be learned and amplified by 
recommendation models, leading to systematically different rec-
ommendations for different genders [60]. For example, Rus et al. 
[47] find that gender bias leads to women being recommended jobs 
with significantly lower salaries than men. Another example is 
the now well-known incident at Amazon where an experimental 
job candidate recommendation tool systematically scored women’s 
resumes lower than men’s [14]. 

A plethora of research on fairness and bias mitigation in rec-
ommender systems exists [34, 44, 47, 64]. However, previous stud-
ies only showed that their proposed de-biasing methods return 
fairer recommendations. To decide whether to implement those de-
biasing methods, practitioners need to know how users react to the 
de-biased recommendations. On the one hand, users could prefer 
the de-biased recommendations because they overcome traditional 
stereotypes. On the other hand, users could prefer the biased rec-
ommendations because they align with their existing beliefs and 
expectations. In some settings, a decrease in satisfaction for one 
group could be acceptable if it leads to an increase in satisfaction 
for another, disadvantaged group. According to the authors, and to 
our own knowledge, Wang et al. [60] were the first to pursue this 
question. In the context of college major recommendation, they 
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constructed a biased and a de-biased model and let 200 college 
students rate its output. They found that participants preferred the 
biased over the gender de-biased recommendations. 

The study, however, has important limitations. First, the offline 
evaluation that was supposed to confirm the de-biasing method’s 
functionality prior to the user study was designed in favor of the 
de-biased model: The study compared the biased with the de-biased 
model on an existing dataset and found that the de-biased model 
returned fairer results at higher accuracy. This result is surprising 
since de-biasing relates to a constrained problem with a generally 
worse optimal solution than the unconstrained (biased) problem. 
Indeed, to our understanding, the de-biased model had access to 
more training data than the biased model. Hence, we do not know 
how well the de-biased model would perform in a fair comparison. 
However, we need this information for interpreting the user study’s 
results; only if we know that the de-biasing retains performance 
can we attribute changes in user satisfaction to the increase in 
fairness. Second, the de-biased model’s architecture differed from 
the biased model’s, which renders a direct comparison between the 
biased and de-biased recommendations impossible. Specifically, the 
de-biased model deliberately missed an intercept term to "further 
remove popularity bias" [60]. However, by de-biasing with respect 
to both gender and popularity bias at the same time, the study’s 
results cannot be clearly attributed to gender de-biasing. Instead, 
the observed effects could be caused by the popularity de-biasing. 
Third, fairness was measured through the Non-parity unfairness 
(𝑈Par) measure [65], which we argue is not sufficient to conclude on 
the method’s de-biasing capabilities in Section 3. Hence, an under-
performing gender de-biasing method could have compromised 
the study’s results. Indeed, other de-biasing methods dramatically 
out-performed the de-biasing method from [60] in our study. Ac-
cordingly, we derived our first research question: 

RQ1 Can we reproduce the findings of Wang et al. [60] with verified 
de-biasing methods and comparable models? 

Wang et al. [60] followed their experiment up with a questionnaire 
on how acceptance towards de-biased recommendations could be 
improved. Participants indicated that their trust in a fair recom-
mender system could be improved through providing additional 
information on what gender bias is, its emergence, and how it affects 
societal gender stereotypes and fairness. We investigate whether 
such information benefit users’ perception of the system to answer 
the following research question: 

RQ2 How do explanations on gender bias influence user perception 
of gender de-biased educational recommendations? 

Last, the study only measured the accumulated effects over both 
genders. We hypothesize that male and female users perceive gender 
de-biased recommendations differently, especially when one group 
is a minority. Hence, we define our third research questions: 

RQ3 How does gender influence user perception of gender de-biased 
educational recommendations? 

We conduct an online user study with a 2x2 between-subjects 
design in which 𝑛 = 800 participants evaluate recommendations 
for educational courses. Participants first indicate their course pref-
erences among a catalog of non-job-specific educational courses 

for adults. Then, they view their personalized course recommenda-
tions and indicate their satisfaction. Half of all participants receive 
recommendations from a biased systems, half from a de-biased sys-
tems to investigate RQ1. To examine RQ2, half of all users receive 
additional information on gender bias in recommender systems 
and its implications before receiving their recommendations. We 
analyze the difference in the results by gender to address RQ3. 

Contrary to the original study [60], we thoroughly assess several 
candidate de-biasing methods, identify a more potent de-biasing 
method, and group the results by gender to investigate potential 
differences between the two groups. We discuss and demonstrate 
the limitations of the 𝑈PAR fairness measure and address them by 
proposing the de-biasing correlation coefficient (DCC) as a novel, 
complementary metric. Moreover, we propose gender deconfounding 
(GD), an causal de-biasing inspired method. GD displays signifi-
cantly stronger de-biasing capabilities according to both 𝑈PAR and 
DCC than the de-biasing method from the original study. 

Our study adds to the young body of research on the user-side 
of gender de-biased recommendations. Specifically, we aim to un-
derstand how gender de-biasing as a design element [18], as well 
as providing the user with additional context on gender bias, af-
fects the user-system interaction. In summary, our study’s main 
contributions are: 

• We reproduce the study by Wang et al. [60] while overcoming 
its shortcomings (RQ1). 

• We test whether explanations on gender bias can improve 
user perception of gender de-biased recommendations (RQ2). 

• We show that different genders benefit differently from gen-
der de-biasing (RQ3). 

• We propose the DCC for measuring the effect of gender 
de-biasing on rankings and demonstrate its advantage over 
𝑈𝑃𝐴𝑅 , which was used in the original study. 

• We propose a causal gender de-biasing method, GD, using 
gender-specific item bias factors. 

The remainder of this work is structured as follows: Section 
2 addresses the theoretical background and gives information on 
recommender systems, gender bias, and bias mitigation. Section 3 
defines and discusses the de-biasing measures and methods that are 
relevant for the following sections. Section 4 describes our online 
user study and survey. Section 5 summarizes our results, which we 
discuss with respect to our research questions in Chapter 6. Lastly, 
we conclude in Section 7. 

2 Related Work 
Prior to our study, we performed a structured literature search on 
the intersection of gender bias and recommender systems. After 
comparing the search results of three different queries, we retrieved 
all 1041 results for the query "gender bias" AND "recommender". Af-
ter screening titles and filtering those that included references to 
either gender, recommender systems, AI ethics, or AI fairness, (254 
papers), we filtered any papers whose abstract related to gender 
or and recommender systems (67 papers). Further, we excluded 
any inaccessible papers and any papers that specifically related 
to the topic of recommendation letters or multi-sided fairness in 
recommenders, although the latter was later re-included. We also 
discarded any books, theses and non-peer-reviewed papers. Then, 
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we screened the full texts of the remaining 63 studies and found 
that 24 were relevant to our research topic. As an exhaustive report 
and analysis of the identified literature are beyond the scope of this 
article, we provide an overview of the most relevant findings, en-
riched by a forward- and backward search [61] and complementary 
references on related topics. 

2.1 Fairness in Recommendation 
Many fairness concepts for recommendation exist and most imply 
equal treatment of stakeholders. The stakeholder-level is often di-
vided into individuals and groups [34]. Individual fairness means 
that similar individuals get similar outcomes [60]. Group fairness 
means that groups receive similar outcomes [23]. Groups can be de-
fined by (sensitive) attributes, e.g. gender [60]. Laterally, inter-user 
(user-side) fairness describes fairness among users and inter-item 
(item-side) fairness describes fairness among items [11]. However, 
the literature has vastly different understandings of what is fair. 
Wu et al. [64] cluster the most popular fairness concepts in recom-
mendation as follows: 

• Equal Opportunity [22]: A model should produce the same 
true-positive rate for all stakeholders. 

• Envy-freeness [16]: Every stakeholder should prefer their 
recommendations over those of other stakeholders. 

• Demographic Parity [65]: Decisions should be similar around 
sensitive attributes (e.g. gender). 

• Counterfactual Fairness [35]: For any individual, any predic-
tion in the real world should be the same as in a counterfac-
tual world. 

• Fairness through Awareness [2]: This definition is equivalent 
to the concept of individual fairness [64]. 

• Fairness through Unawareness [63]: The model should not 
know the protected attributes. Due to correlations with users’ 
protected attributes and revealed preferences, this approach 
is considered ineffective [64]. 

Different fairness concepts can require different metrics and miti-
gation strategies. For example, equal opportunity is reached once 
the model performs comparably well for different stakeholders but 
recommendations can still differ between them. Demographic parity 
demands similar recommendations for different groups but does 
not imply equal performance. 

2.2 Gender Bias 
Glick and Fiske [21] find that sex is the primary, earliest learned, 
and most automatic category we use to classify a person. Accord-
ing to social role theory by Eagly and Wood [17], this observation 
originates from the physical differences between males and females. 
Besides men’s greater size and strength, women’s reproductive ac-
tivities of pregnancy and lactation predispose them to nursing and 
taking care of children. West and Zimmerman [62] claim that the 
biological sex does not inherit gender, but that gender is something 
we do. Doing gender means shaping differences between women 
and men through societal interactions, rather than by natural or bio-
logical traits. They see gender as something that is achieved through 
certain "socially guided perceptual, interactional, and micro-political 
activities that cast particular pursuits as expressions of masculine and 
feminine "natures"" [62]. 

Gender stereotypes are, according to the European Commission, 
one main driver for inequality between men and women1 . These 
stereotypes have a negative societal impact by confining individu-
als to rigid gender roles and preventing them from reaching their 
full potential. Education plays a critical role in addressing these 
challenges. Through lifelong learning, individuals develop new in-
terests and refine their skills. However, participation in educational 
processes is often influenced by socialization into gender roles [57]. 
In order to provide equal opportunities for all, regardless of soci-
etal expectations, it is essential that educational recommendations 
provide comparable opportunities for men and women. 

Information technology shapes our perception through the infor-
mation that it provides us. Within the HCI-domain, previous studies 
examined gender bias in search engines, where results match user 
queries, but not in recommender systems where results match user 
preferences. Kay et al. [30] investigate gender bias in image search 
for different careers based on which genders are most prevalent in 
the results. They found that search engines exaggerate stereotypes, 
that people rate stereotypical search results better and that the 
representation of gender in search results affected people’s percep-
tions about real-world distributions. We examine the second of the 
three aspects, expecting a similar finding based on the results by 
Wang et al. [60]. Otterbacher et al. [43] investigate search results 
for different character traits, finding that for some traits, people in 
the images were more likely to have a gender that is stereotypically 
associated to those traits. Kopeinik et al. [32] show that users them-
selves exhibit biases during the interaction with search engines by 
explicitly specifying gender in contra-stereotypical queries such 
as "show me a male nurse" and hypothesize that this behavior bi-
ases the systems, which can be expected as users who search for 
nurses would reward the system more for biased results. Aside from 
search engines, modern generative systems can incorporate gender 
biases from data into their output [46, 51] but not all do [48, 59]. 
That the interaction with technology can shape stereotypes was 
also confirmed for the case of computer games where assigning 
users to characters that embody marginalized groups can reduce 
their internal gender biases [25]. In the recommendation setting, 
where embodiment is not a viable design instrument, alternatives 
are needed. 

In the recommendation context, not all research clearly defines 
and classifies gender bias. We found that the concepts usually relate 
to demographic parity or equal opportunity. When gender refers 
to the item-side, then gender bias entails group- and inter-item 
unfairness with respect to demographic parity. For example, Dacon 
and Liu [13] describe how news recommendation heavily influ-
ences and reinforces gender stereotypes. With newsworthy people 
(politicians, CEOs or athletes) mostly being men, women are under-
represented. Ferraro et al. [20] show how the user-model feedback 
loop can amplify gender bias against female artists. Mansoury et al. 
[40] find that on one dataset users’ rating behavior, how informa-
tive their profile is, and the users’ profile size, all of which correlate 
with a users’ gender. When users receive different recommenda-
tions based on their gender, then gender bias entails group- and 
inter-user unfairness. Most studies consider demographic parity in 

1https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A52020DC0152 
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this context. For example, Melchiorre et al. [41] find that men re-
ceive more frequent recommendations of highly paid jobs, because 
women are expensive advertisement targets and the job recommen-
dation algorithms minimize costs by targeting the less expensive 
males. In the online-user study by Wang et al. [60], male and female 
participants received different recommendations for college majors. 
The study argues that biased recommendations can lead to female 
students chose stereotypically female majors while male and female 
students should be exposed to similar recommendations. Mansoury 
et al. [40] considers gender bias with respect to equal opportunity 
and shows how attributes that correlate with female gender are 
also correlated with lower ranking performance on the MovieLens 
dataset. 

Recommender systems can inherit gender bias from the training 
data [36]. Examining the gender wage gap, [47] find that gender can 
be predicted precisely, even from anonymized resumes. However, 
Ferraro et al. [19] find that the recommendation model has a greater 
effect on amplifying the bias than how users chose. 

2.3 Gender Bias Mitigation 
Wu et al. [64], [34] and Pitoura et al. [44] divide strategies to 
mitigate algorithmic bias in recommender systems into (i) pre-
processing, (ii) in-processing, and (iii) post-processing methods. (i) 
Pre-processing techniques modify the training data. Most surveys 
refer to the classification in [28] into suppression [28], which re-
moves sensitive attributes (e.g. gender) and correlated attributes, 
massaging the dataset [45], which manipulates the labels of some 
user interactions, reweighing the dataset [7], which balances the 
data without changing labels, and over- and under-sampling [41] 
which balances the distribution interactions related to majority and 
minority groups, again without changing the labels themselves. (ii) 
In-processing methods redesign the recommender algorithm. For 
example, one can de-bias the latent factors and embeddings [60] at 
the end of training or add a fairness regularization term [5, 65] or 
fairness constraint [66] to the objective function. Such a regulariza-
tion term can be defined for different fairness notions or metrics, 
it could e.g. penalize a higher difference in demographic parity. 
(iii) Post-processing methods adjust existing rankings. Generative 
strategies [31] compute the fairness score of the recommended items 
and then generate a new ranking our of weighted relevance and 
fairness scores [65]. Re-ranking [29, 65] consider fairness metrics 
when computing interaction probabilities and then re-arrange the 
recommendations based on these values. 

The only (i) pre-processing gender de-biasing technique that we 
are aware of is the one by Saxena and Jain [50], who aim to create 
fair exposure of female and male authors’ books by cleaning the 
dataset of individual users’ biased ratings. One (iii) post-processing 
technique was used by Ferraro et al. [20] who propose a re-ranking 
algorithm for increasing female artists’ exposure. Apart from that, 
we find that most gender de-biasing methods are (ii) in-processing 
techniques: [47] apply adversarial de-biasing to generate user rep-
resentations from which the protected attribute can no longer be 
recovered. UGRec [36] employs a similar strategy. FairRec [63] 
learns two separate user embeddings, a bias-aware representation 
that captures the bias information and a bias-free representation 
through adversarial learning and orthogonal regularization. [24] 

also investigate gender bias in career recommendation. To tackle 
the problem of sparse career information (users usually only have 
one or two college majors and a limited career path) they introduce 
Neural Fair Collaborative Filtering (NFCF). NFCF first trains the 
user and item embeddings on a regular NCF, then user embeddings 
are de-biased by orthogonal projection on the global bias vector. 

Wang et al. [60], whose experiment our study replicates, em-
ployed the strategy by Islam et al. [24] in their case study in which 
they de-bias a recommender for college major recommendations 
and test it in an online experiment with 200 participants. 

3 Relevant De-biasing Measures and 
Approaches 

This section elaborates on the measures that we used to evaluate a 
recommendation algorithm’s gender bias and the de-biasing meth-
ods that we evaluated as potential candidates for our study (Section 
4). First, we discuss Non-parity unfairness (𝑈Par) [65] that was used 
by Wang et al. [60] to evaluate their de-biasing method and propose 
a potential improvement. We then introduce and discuss a novel 
measure, the De-biasing correlation coefficient (DCC), that evaluates 
the de-biasing method’s purity. Afterwards, we define the base (bi-
ased) model architecture and three de-biasing methods including 
Gender De-biasing (GD), a novel causal de-biasing method. 

3.1 Measures for Bias and De-biasing 
Non-parity unfairness (UPar) [65]. The original study [60] com-
pared the performance of their de-biasing method with 𝑈Par [65]. 
Assume that the recommendation model bases the ranking on rele-
vance scores 𝑈𝑖 𝑗 for all users 𝑖 ∈ 𝐼 and items 𝑗 ∈ 𝐽 . Most collabora-
tive filtering models compute relevance scores to quantify a user’s 
preference towards an item, and then sort the relevance scores in 
descending order to obtain the relevance ranking. The 𝑈Par com-
pares the expected predicted relevance scores 𝑈𝑖 𝑗 between two user 
groups: 

𝑈Par  
1 
| 𝐽 | 

∑︁ 

𝑗 ∈ 𝐽 

 Efemale 
 
𝑈𝑖 𝑗 

 
− Emale 

 
𝑈𝑖 𝑗 

   (1) 

A high 𝑈Par score suggests that one group is more likely to re-
ceive recommendations for the item than the other. An effective 
de-biasing method should decrease the model’s 𝑈Par score. 

However, the 𝑈Par neglects the ranking that recommendations 
ultimately depend on. For example, scaling all relevance scores by 
the same positive constant 0 < 𝑐 << 1 reduces 𝑈Par by a factor of 
𝑐 but does not affect the rankings. To address this limitation, we 
introduce 𝑈 rank 

Par which computes the 𝑈Par score with respect to the 
ranks instead of the relevance scores. Furthermore, the 𝑈Par score 
does not consider the de-biasing method’s impact on recommen-
dation accuracy. While accuracy metrics can measure the cost of 
a particular de-biasing method on the recommendation accuracy, 
they cannot reveal whether that cost is inherent to de-biasing or 
whether a better de-biasing method could exist. To address these 
limitations, we introduce a measure of the de-biasing method’s 
purity, the De-biasing correlation coefficient (DCC). 
Non-parity rank unfairness (𝑈 rankPar ). Based on the 𝑈Par’s first 
limitation discussed above, that it depends on the relevance scores 
rather than the ranking, we propose the Non-parity rank unfairness 
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measure 𝑈 rank 
Par with 

𝑈 rank 
Par  

1 
| 𝐽 | 

∑︁ 

𝑗 ∈ 𝐽 

 Efemale 
 
𝑟𝑖 𝑗 

 
− Emale 

 
𝑟𝑖 𝑗 

   , (2) 

where 𝑟𝑖 𝑗 is the rank of item 𝑗 in the recommendation list for user 𝑖 . 
Compared with 𝑈Par, 𝑈 rank 

Par only reacts to changes in the rankings, 
not the scores per se. The interpretation and application of 𝑈 rank 

Par 
are analogous to 𝑈Par. While both measures could be correlated 
in practice, we argue that 𝑈 rank 

Par more interpretable as it directly
returns by how many ranks recommendations for an item differ 
between the two groups. 
De-biasing correlation coefficient (DCC). Based on the 𝑈Par’s 
second limitation, that it does reveal any possible side-effects of 
a de-biasing method, we propose the DCC. We first motivate and 
define the group-specific DCC and then derive the DCC. 

The idea behind the DCC comes from an intuition about de-
biasing. Demographic parity implies that courses should receive 
lower ranks for a user if they are systematically more preferred by 
their own group than by the opposite group. Assume that we know 
how many times any item was exposed to any group and how many 
times it was interacted with by that group. We define the ratio of 
both quantities, interactions by exposure, as the choice ratio for 
that group and that item. A de-biasing model should therefore rank 
those courses with a high male choice ratio and a low female choice 
ratios higher for female users and lower for male users than a biased 
model. Vice versa, it should rank those courses with a high female 
choice ratio and a low male choice ratio higher for male users and 
lower for female users. For example, in our study, the course Vegan 
cooking - Black Forest Cherry Cake had an 38% female choice ratio 
but only a 9% male choice ratio. A de-biasing model should reduce 
exposure to this course for female users and increase it for male 
users. Hence, the average difference in ranks 𝛿 rank 

𝑗 for female users 
between the biased and de-biased models should be correlated with 
the relative choice ratios of female and male users over all courses 
𝑗 ∈ 𝐽 . The group-specific de-biasing correlation coefficient measures 
this correlation: 

Definition 3.1. Given two disjoint groups 𝐴, 𝐵 ⊂ 𝐼 , let 𝑟 𝐴 
𝑗 and 

𝑟 𝐵 
𝑗 be their respective relative choice ratios for items 𝑗 ∈ 𝐽 . Set 

𝑞𝐴 
𝑗  

𝑟𝐴 
𝑗 

𝑟 𝐵 
𝑗 
and 𝑞𝐵 

𝑗  
𝑟 𝐵 
𝑗 

𝑟𝐴 
𝑗 
. Furthermore, given a biased and a de-

biased model, let 𝛿 𝐴 
𝑗 and 𝛿 𝐵 

𝑗 denote how much higher the de-biased 
model ranks item 𝑗 for group 𝐴 and 𝐵 compared to the biased model. 
Then, the group-specific de-biasing correlation coefficient for group 
𝐺 ∈ {𝐴, 𝐵} measures the Spearman-correlation of 𝑞𝐺 

𝑗 and 𝛿𝐺 
𝑗 over 

all items, i.e., 

DCC𝐺  𝜌  
𝑞𝐺 
1 ,...,𝑞

𝐺 
| 𝐽 | 


, 
 
𝛿𝐺 
1 ,...,𝛿

𝐺 
| 𝐽 | 

 (3) 

where 𝜌 ·,· is the Spearman correlation coefficient. 

Here, the average difference in ranks 𝛿𝐺
𝑗 represents the mean dif-

ference in ranks assigned to an item by the biased model rankbiased 
𝑖 𝑗 

and the de-biased model rankde−biased 
𝑖 𝑗 over all users 𝑖 in group 𝐺 : 

𝛿 𝐺 
𝑗  

1 
|𝐺 | 

∑︁ 

𝑖 ∈𝐺 

rankbiased 
𝑖 𝑗 − rankde−biased 

𝑖 𝑗 (4) 

Note that, because the most preferred item has rank 1, the difference 
is positive if an item is ranked higher by the de-biased model than 
the biased model. The choice ratios 𝑟 𝐴

𝑗 and 𝑟 𝐵
𝑗 should be defined as 

the ratio of interactions and observations within each group for item 
𝑗 . If such data are unavailable, the choice ratios could be replaced 
by the total interactions between a group and an item although 
this measure can be subject to exposure bias [33]. However, the 
group-specific DCC only captures a one group’s perspective. The 
de-biasing correlation coefficient combines the group-specific DCCs 
into a single measure: 

Definition 3.2. Given two group-specific de-biasing correlation 
coefficients DCC𝐴

𝑗 and DCC𝐵
𝑗 , the de-biasing correlation coefficient 

(DCC) returns their mean as in 

DCC  
DCC𝐴 + DCC𝐵 

2 
. (5) 

Assuming that a de-biasing method should reward items in-
versely to each group’s choice ratios, the DCC represents how 
much of the de-biasing method’s effect corresponds to de-biasing. 
This property is important because the de-biasing should, in addi-
tion to making recommendations fairer, retain the optimal ranking 
computed by the biased model. For example, a "de-biased" model 
that assigns uniformly random item scores would be unbiased but 
also undesirable. While such a model would yield a 𝑈Par score of 
zero, and therefore seem like a good candidate, it would yield low 
accuracy. While such a negative effect would also be identified by 
accuracy metrics, the DCC enables us to understand whether a 
drop-off in accuracy is an inherent trade-off of de-biasing or an 
undesirable side-effect of the specific de-biasing method used. The 
DCC is bounded between -1 and 1 and a value close to 1 implies a 
pure de-biasing effect. In this case, we can assume that all changes 
to the ranking contribute to de-biasing in the sense that an item 
only benefits from the de-biasing more than another item when 
it should benefit more. Positive values closer to zero imply that 
the de-biasing method has side-effects that do not contribute to 
de-biasing. Negative scores would imply that the de-biasing method 
increases bias. 

The DCC can also be used in different contexts, not just for 
gender de-biasing as long as a measure of preference differences, 
such as choice ratios, is available. The need to specify this measure, 
however, is also a limitation of the DCC as it requires compressing 
complex social or cognitive constructs into a single scalar value. 

We apply the DCC in Section 3.2 and find that different methods 
achieve significantly different levels of purity. 

3.2 Base Model and De-biasing Method 
This section defines the de-biasing methods that we evaluate in 
section 4. All de-biasing methods assume the same base model 
architecture, which we introduce first. Then, we list the three de-
biasing methods, Orthogonal bias vector projection, Gender vector 
substraction, and Gender deconfounding. 
Base Model architecture. We used the implementation of the 
multinomial logit-based matrix factorization model by Krause et al. 
[33]. The model relies on the same basic building blocks as the one 
from Wang et al. [60] — user embeddings 𝑢𝑖 ∈ R 𝑘 , item embeddings 



CHI ’25, April 26–May 01, 2025, Yokohama, Japan Krause et al. 

𝑣 𝑗 ∈ R𝑘 with 𝑘 ∈ N and item intercepts 𝑐 𝑗 ∈ R. It computes user-
item utilities 𝑈𝑖 𝑗 as follows: 

𝑈𝑖 𝑗  𝑢𝑖 · 𝑣 𝑗 + 𝑐 𝑗 . (6) 

However, instead of sampling negatives, it employs a multinomial 
loss function over the observed user-item interactions that the 
dataset provides. Hence, our model is conceptually identical to 
standard matrix factorization models and we can perform the same 
de-biasing methods as demonstrated below. Additionally, it is also 
more accurate and, crucially, significantly more robust against the 
data set’s strong exposure bias [33]. 
Orthogonal bias vector projection [24, 60]:. The method first 
computes a global bias vector and projects each user embedding or-
thogonally to it. After training the base model, this method de-biases 
the user embeddings by subtracting a global bias vector. Formally, 
given user vectors 𝑢𝑖 , and user genders 

𝑔𝑖  

 
1 if user is female 

0 if user is male 
, (7) 

we first compute the mean female bias vector 𝑢 female as 

𝑢 female  

𝑖 𝑔𝑖 𝑢𝑖 
𝑖 𝑔𝑖 

(8) 

and equivalently a mean male bias vector 𝑢 male . We then define the 
global bias vector as 

𝑢𝐵  
𝑢 female − 𝑢 male 𝑢female − 𝑢 male 

 . (9) 

Projecting the user vectors 𝑢𝑖 on 𝑢𝐵 yields the individual de-biased 
user vectors: 

𝑢 ∗ 
𝑖  𝑢𝑖 − (𝑢𝑖 · 𝑢𝐵 )𝑢𝐵 . (10) 

Gender vector substraction:. This method only subtracts the 
respective gender’s mean vector from the individual user embed-
dings similar to additive operations on word embeddings [42]. After 
training, we update the user embeddings according to 

𝑢 ∗ 
𝑖 = 𝑢𝑖 − 𝑔𝑖 𝑢 female − (1 − 𝑔𝑖 )𝑢 male (11) 

instead of projecting them as in equation (10). 
Gender deconfounding:. While the two former approaches de-
bias the user embeddings, the third attempts to measure the effect 
of gender and to neglect it out during inference, similar to popular-
ity deconfounding (PD) [67]. Accordingly, we name this approach 
gender deconfounding (GD). We introduce learnable gender-item-
specific constants 𝑐 female 

𝑗 and 𝑐 male 
𝑗 that represent the utility that a

user perceives from the item due to their gender. Given the users’ 
gender from equation 7, we compute the relevance score 𝜇𝑖 𝑗 for 
user 𝑖 and item 𝑗 as 

𝜇𝑖 𝑗 = 𝑢𝑖 · 𝑣 𝑗 + 𝑐 𝑗 + 𝑔𝑖 𝑐 
female 
𝑗 + (1 − 𝑔𝑖 )𝑐 male 

𝑗 (12) 

After fitting the model, we can compute biased recommendations 
by ranking preferences according to equation (12) and de-biased 
recommendations by setting the gender-item-specific constants 
𝑐 female 
𝑗 and 𝑐 male 

𝑗 to zero as in equation 6.
We use one constant per gender to retrieve de-biased recommen-

dations that lie "in the middle" of both gender’s preferences. In a 
regression model, one would usually employ a single variable that 
equals one if the user has a particular gender, i.e., is female, and 

that is zero otherwise. In that case, dropping the gender constant 
during inference would lead to all users receiving stereotypically 
male recommendations, which would be fair, but undesired in many 
scenarios. By using two constants and L2-regularizing them, the 
model assigns the mean popularity of the item to the non-gender 
specific constant 𝑐 𝑗 and any gender-specific effects to the gender 
specific constants 𝑐 female 

𝑗 and 𝑐 male 
𝑗 . Due to the regularization, we

obtain 𝑐 female 
𝑗 ≈ −𝑐 male 

𝑗 . Without regularization, the right side of
equation 12 is not clearly identified as 𝑐 female 

𝑗 and 𝑐 male 
𝑗 could ab-

sorb some of the effect of 𝑐 .2 Upcoming implementations could skip 
regularization and instead use an equivalent model of shape 

𝜇 = 𝑢𝑖 · 𝑣 𝑗 + 𝑐 𝑗 + (2𝑔𝑖 − 1) 𝑐 female 
𝑗 . (13) 

4 Methods 
We examine RQ1 by replicating the online user study by [60] in 
which participants rated biased and unbiased college major rec-
ommendations. Our survey captures the same and additional con-
structs as the original study in a 2x2 between-subjects design (Sec-
tion 4.3). To answer RQ2, we present participants with information 
on gender bias. We address RQ3 by controlling for gender in our 
subsequent analysis (Subsection 5). However, our setup addresses 
necessary adjustments: We perform all assessments on the same 
dataset with the 𝑈Par, 𝑈 rank 

Par , and DCC measures. The biased and 
de-biased models share the same base architecture (Section 4.2). 

4.1 Dataset 
We trained our models based on the dataset from [33]. The course 
catalog contains 100 German course titles inspired by the course 
offer of a major German educational institution. They cover the 
categories of Sports, Health, Soft Skills, Media, History, Society, 
Philosophy, Economy, Science, Personal Development, Psychology, 
Languages, and Others. Participants made 40 choices from choice 
sets of four randomly selected courses based on the course’s title, 
resulting in 11,360 choices by 284 attentive participants. 74 par-
ticipants were male and 210 female. Because the dataset contains 
strong exposure bias by design, we employed an exposure bias 
robust model. 

Figure 1 shows how often female and male participants chose 
a course when it was recommended, grouped by category. Female 
and male users chose inherently differently. Female participants 
chose from the categories sports that mostly consisted of yoga, 
Pilates and similar classes, culture, and languages, compared with 
male participants. Male participants, on the other hand, preferred 
classes related to media, politics, and soft skills. Soft skills contained 
relatively many classes that can benefit personal careers, such as 
leadership classes. 

4.2 Model and De-biasing Method 
The original study found that the de-biased model performed better 
than the biased model. However, in the study the biased system 
recommends "based on the choices by the people of the same gender" 
while the debiased system recommends "based on the choices by 

2In the user study, we employed GD without regularization. In a succeeding offline 
evaluation, missing regularization did not impact performance in our setup significantly 
but we advise to employ it regardless. 
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Figure 1: Gender bias in our dataset. The bars represent the 
mean choice ratios, i.e., the ratios of interactions and obser-
vations per category by gender. Female choice ratios are in 
dark red, male choice ratios in coral. 

the people of both genders.", suggesting that the de-biased model 
learned on, in this case, 67 percent more samples than the biased 
model, which would artificially boost its accuracy. We evaluated 
the performance on our dataset and found that the de-biased model 
performs slightly worse than the biased model. Moreover, we ini-
tially found that, in our setup, the approach from Wang et al. [60] 
does not achieve a significantly non-zero DCC score (Table 1).3 

Based on our observations, we decided to subsequently assess 
additional de-biasing methods until one displayed significant de-
biasing capability according to DCC. That method would then 
undergo an additional manual, qualitative assessment. Addition-
ally, we measured the nDCG [58], which is a standard measure 
for recommendation accuracy, for all methods to understand the 
potential trade-off between de-biasing and performance. Overall, 
we evaluated the performance of the following three de-biasing 
approaches (Section 3): 
• Orthogonal bias vector projection [24, 60] 
• Gender vector substraction 
• Gender deconfounding (GD) 
Table 1 contains the averaged results over 100 repetitions. All de-
biasing methods performed comparably well in terms of nDCG. 
The performance loss through de-biasing was around 0.01, which 
is negligible considering the performance results in the existing 
study on the same dataset [33]. However, only GD achieved a DCC 
score close to 1. The method from Wang et al. [60] scored the 
lowest on DCC, followed by Gender vector substraction. GD also 
scored a lower de-biased 𝑈Par and 𝑈 rank 

Par than the other methods. 

3An earlier DCC version was used. The DCC from Section 3 returns significantly 
non-zero scores for all methods. The original study’s method still scores the lowest. 

After applying a two-sided bootstrapped t-test and multiple test 
correction, differences between the models were all significant 
at the 𝛼 = 0.001 level except for nDCG where we observed no 
significantly different mean values. Note that the bootstrapped t-
test does not assume normality [54]. Manual inspection confirmed 
that GD recommends more stereotypically male courses to women 
and vice-versa to men. We did not observe any clear de-biasing 
patterns in the other methods’ outputs. 

Note that our study’s goal was to measure preferences towards 
or against de-biased recommendations, not to evaluate the best 
de-biasing method, if such even exists. Hence, we needed to vali-
date our de-biasing strategy, but comparing all possible de-biasing 
strategies was out of scope. While 𝐺 𝐷 out-performed the other 
approaches, a broader comparison to more de-biasing methods on 
multiple datasets would be necessary to determine its superiority. 
Hyper-parameters. We selected the embedding dimensions and 
l2 regularization parameters with Bayesian hyper-parameter opti-
mization based on the mango python package [49] and the early 
stopping criterion from [38]. Any other hyper-parameters were 
identical to the ones in [33]. We used two thirds of all samples as 
training data and the rest for validation. 

4.3 User study 
To understand users’ attitudes towards de-biased recommendations, 
we conducted an online user study with a 2 (recommender type: 
biased vs. gender de-biased) x2 (intervention: yes vs. no) between-
subjects design. The study consisted of four core phases: After a 
brief welcome, data privacy statement, and experiment description, 
participants underwent (i) interactive preference elicitation, option-
ally an (ii) intervention, (iii) viewing recommendations, and (iv) a 
survey. We implemented the experiment as an online survey using 
the open-source python framework oTree [9]. 
(i) Preference elicitation. The first phase captured the partici-
pants’ interests to compute corresponding user embedding. The 
participants subsequently indicated their preference among four 
randomly drawn courses from the first 50 out of all 100 courses. 
Each participant made 10 choices in total. This data was then used to 
train the new user embedding while fixing the existing item embed-
dings. Because the new user embedding was present in relatively 
more training samples than the existing users from the dataset were, 
we had to increase the L2-regularization parameter to achieve a 
similar embedding length as with the other user-embeddings. A 
value of 0.3 sufficed. 
(ii) Intervention. Next, we presented the intervention group with 
information on gender bias to investigate RQ2. Participants re-
ceived a brief explanation on how gender bias works and why 
it may be undesirable in such a recommender system. We kept 
the explanation concise so that participants would pay attention. 
Translated from the German version used in the experiment it read: 

"AI systems learn from historical data and tend to re-
inforce prevailing patterns of thought in society. For 
example, they reflect historically evolved gender images. 
AI-based recommendation systems for further education 
courses tend to suggest gender-stereotypical learning 
content. Individual potential may not be able to develop 
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Table 1: Performance of the compared de-biasing methods, averaged over 100 repetitions each. Each cell contains the mean 
value followed by the 25 percent and 75 percent quartiles in parentheses. 

De-biasing method DCC ↑ 𝑈Par ↓ 𝑈 rank 
Par ↓ nDCG ↑ 

Biased – 0.25 (0.21, 0.30) 3.80 (3.23, 4.36) 0.73 (0.72, 0.74) 

Orthogonal bias vector projection [24] 0.35 (0.26, 0.45) 0.13 (0.10, 0.16) 2.24 (1.69, 2.75) 0.72 (0.71, 0.73) 
Gender vector substraction 0.72 (0.68, 0.77) 0.11 (0.08, 0.13) 1.82 (1.43, 2.15) 0.72 (0.71, 0.73) 
GD (Ours) 0.91 (0.90, 0.92) 0.07 (0.05, 0.08) 1.43 (1.11, 1.65) 0.73 (0.72, 0.74) 

freely as a result. In the following, we present a recom-
mendation system from which these gender stereotypes 
have been algorithmically removed." 

The underlined passages were highlighted and contained a tooltip 
that displayed additional text when hovered, for further explana-
tions. The tooltip for "AI" read "Artificial Intelligence" and the tooltip 
for "gender-stereotypical learning content" read "For example, women 
tend to be recommended stereotypically female and men stereotypi-
cally male educational courses.". 

The intervention text stated that the participants are receiving 
de-biased recommendations. This was only true for half of the 
participants (intervention: yes, recommender type: gender debiased), 
not for the other half (intervention: yes, recommender type: biased). 
This way, we could observe the effect of the information on bias on 
user perception alone. 
(iii) Recommendations. After the intervention, we generated the 
recommendations. Depending on the experiment group, recommen-
dations for participants with the condition recommender type: biased 
got their recommendations from the "standard" recommender, and 
the ones with recommender type: gender debiased from the de-biased 
recommender. All course recommendations were from the last 50 
courses in the dataset. Since the model was trained on the first 50 
courses, the model coud not observe any of the participant’s prefer-
ences for the recommended items and participants did not receive 
any recommendations for courses they had already indicated their 
preferences for. 
(iv) Survey. Next, we evaluated participants’ perceptions of the 
recommendations and their dependence on predefined control vari-
ables. To evaluate the recommendations, we first presented the 
models’ predicted top-6-to-10 and bottom-5 preferences in a ran-
domly shuffled list. We then prompted the participants to re-rank 
the items based on their preferences. This procedure aimed at as-
sessing whether the model managed to identify the top preferences 
independent of the mean item quality. 

We then asked each user to provide their opinions on their top-5 
recommendations to compare our results to the ones from Wang 
et al. [60] to answer RQ1 and RQ2. For each recommendation, the 
participants answered questions from the scale developed by Bauer 
et al. [3] to measure product pleasure. The questions show good 
internal consistency with a Cronbach’s alpha of 0.87 and include 
the following three questions: 

(1) I like the course. 
(2) I find the course exciting. 
(3) I am interested in the course. 

All questions were rated on a seven-point Likert scale ranging from 
1: strongly disagree to 7: strongly agree. We slightly adapted the 
questions to fit our use case and translated them into German. Next, 

we measured the perceived quality across the top-5 recommended 
courses using a scale developed by Jones and Pu [27]. The scale 
shows excellent internal consistency with a Cronbach’s alpha of 
0.96 and contains the following six questions: 

(1) The courses recommended to me were enjoyable. 
(2) The courses recommended to me were tailored to my taste. 
(3) In general, I am satisfied with the courses recommended to 

me. 
(4) The recommended courses are as good as those I would 

receive from my friends. 
(5) The system’s recommendation technology is accurate. 
(6) The system understands my tastes and preferences when it 

comes to education. 

To compare our results to the ones of Wang et al. [60], we also used 
the same questions on the participants’ attitude towards gender-
stereotypes in career recommendations and their personal inherent 
gender inequality, as well as their likeliness to use the system again 
and to recommend the system to other users: 

(1) (Q-Stereotype): A gender stereotype in career selection is 
undesirable since it limits women’s and men’s capacity to 
develop their personal abilities. 

(2) (Q-DisparityPersonal): 
(a) If I am a female, I do not want to choose a career that is 

male-dominated (for female participants) 
(b) If I am a male, I do not want to choose a career that is 

female-dominated (for male participants) 
(3) (Q-UseAgain): I would like to use a career recommendation 

system like this in the future. 
(4) (Q-RecommendToOthers): I would like to recommend the 

system to my friends if it is available. 

Lastly, to statistically control the variable of sexism awareness in 
our analysis, we asked for participants’ agreement on a scale about 
subtle sexism by Swim et al. [53]. With a Cronbachs Alpha of 0.93, 
the scale shows excellent internal consistency. Items highlighted 
with ’*’ are reversed for computation: 

(1) *Discrimination against women is no longer a problem in 
Germany 

(2) Women often miss out on good jobs due to sexual discrimi-
nation. 

(3) *It is rare to see women treated in a sexist manner on televi-
sion. 

(4) *On average, people in our society treat husbands and wives 
equally. 

(5) *Society has reached the point where women and men have 
equal opportunities for achievement. 

(6) It is easy to understand the anger of feminists in Germany. 
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Table 2: Gender distribution per experiment group. 

Recommender Intervention Female Male Overall 

Biased No 97 92 189 
Yes 103 87 190 

Gender de-biased No 88 102 190 
Yes 90 103 193 

Overall 378 384 762 

(7) It is easy to understand why women are still concerned about 
societal limitations on their opportunities. 

(8) *Over the past few years, the government and news media 
have been showing more concern about the treatment of 
women than is warranted by women’s actual experiences. 

Implementation. We implemented the experiment as an online 
survey using the open-source python framework oTree [9]. 
Participants. We recruited the participants via Prolific4 . This al-
lowed us to filter for native German speakers and to achieve a 
balanced amount of male and female participants. We aimed to 
collect answers from 800 participants. Prolific assigned the partici-
pants randomly into the four experiment groups. The succeeding 
evaluation only included responses that met the following criteria: 

• Participants completed the survey and filled all required 
fields. 

• Participants indicated their gender to be male or female. Be-
cause the main focus of this study and the study by Wang 
et al. [60] is explicitly concerned with male and female gen-
der stereotypes. 

• Participants passed the comprehension check. Before indi-
cating their course preferences, participants received a test 
choice set and had to choose one particular course. 

• Participants passed the attention check. Towards the end of 
the survey, one of the question blocks explicitly asked for 
the option "I agree". 

The experiment was published on April 25th, 2024 at 11:15. The 
last participant finished on April 28th, 2024 at 13:16. We received 801 
initial responses with 762 responses meeting all inclusion criteria. 
Table 2 shows the numbers of participants with respect to the 
experiment groups. The mean completion time was 9:55 minutes. 

5 Results 
5.1 Recommendation Accuracy 
Table 3 shows how well the model managed to distinguish between 
the user’s top and bottom preferences. As described in Section 4.3, 
participants ranked their predicted top 6-10 and bottom five courses. 
The scores in Table 3 represent how many of the top courses were 
on average assigned to the predicted group, top 5 or bottom 5. For all 
groups, the mean scores are above 3.6, well above the expected mean 
of 2.5 for a random recommendation policy. Hence, both the biased 
and the unbiased model managed to identify user preferences. 

5.2 Participant Ratings 
To examine the comparability of our results with the results of Wang 
et al. [60], we asked our participants to answer the same questions 

4https://www.prolific.com 

Table 3: Recommender performance by experiment group. 

Recommender Intervention Mean Standard Deviation 

Biased No 3.80 0.96 
Yes 3.69 0.89 

Gender de-biased No 3.62 1.04 
Yes 3.69 0.87 

as in the original study (Q-Stereotype, Q-DisparityPersonal, Q-
UseAgain, Q-RecommendToOthers). 
Figures 2a and 3a show the results from the original paper, Figures 
2b, 2c, 3b and 3c those from our replication survey. Results for 
Q-Stereotype (M=2.71, SD=1.6) and Q-DisparityPersonal (M=2.54, 
SD=1.54) indicate that participants are rather less biased towards 
Gender Roles in Career Choices, showing the same trend as Wang 
et al. [60]. Q-UseAgain (M=4.17, SD=1.64) and Q-RecommendToOthers 
(M=3.92, SD=1.73) also resemble the trend in Wang et al. [60]. 

A 2X2X2 ANCOVA was conducted to assess the effects of the 
independent variables recommender type (biased/ gender de-biased), 
gender (female/male), and whether the participant received an in-
tervention (yes/no) on the recommender quality. Participants rating 
on the sexism scale was used as a covariate. The results show 
that the tendency of participants to rate the quality of the biased 
recommender higher than the gender de-biased version is a statisti-
cally significant effect (F (1,754)=5.16, p<0.05). Males also rated the 
quality significantly higher than females (F (1,754)=9.29, p<0.01). 
There is, however, no significant difference in whether participants 
had an intervention or not (F (1,754)=1.20, p=0.27). Additionally, 
there is an interaction effect between recommender type and gen-
der (F (1,754)=7.6, p<0.01), with the gender de-biased recommender 
quality being rated lower by women, than by men (Figure 4a). The 
detailed results are available in Table 4 in the appendix. 

We also conducted a 2X2X2 ANCOVA to assess the effects of 
the independent variables recommender type (biased/gender de-
biased), gender (female/male), and whether the participant received 
an intervention (yes/no) on the recommended course satisfaction. 
Participants ratings on the sexism scale was used as a covariate. 
Just as for the recommender quality, the course satisfaction is also 
significantly higher for participants using the biased recommender 
(F (1,754)=6.76, p<0.01). There is no significant difference in whether 
participants had an intervention or not (F (1,754)=1, p=0.32), or their 
gender (F (1,754)=2.32, p=0.13). Additionally, there is an interac-
tion effect between recommender type and gender (F (1,754)=9.18, 
p<0.01). In contrast to the men, the women reported higher satisfac-
tion with the biased recommender than with the gender de-biased 
recommender (Figure 4b). The detailed results are available in Table 
5 in the appendix. 

6 Discussion 

6.1 Reproducibility of Wang et al. [60] 
Our main goal was to reproduce the study by Wang et al. [60] with 
necessary adjustments. However, we find that the results of the user 
studies are largely consistent. On average, the participants favored 
the biased recommendations over the de-biased ones. They rated 
the quality of the biased recommendations significantly higher and 
the biased model was better able to distinguish between their top 

https://www.prolific.com
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(a) Results from original study by [60] 

(b) Q_Stereotype (from 1: Strongly agree or least biased to 7: Strongly 
disagree or most biased) 

(c) Q_DisparityPersonal (from 1: Strongly disagree or least biased to 7: 
Strongly agree or most biased) 

Figure 2: Self-reported beliefs about gender roles in career choices. 

and bottom preferences. We also measure similar self-reported be-
lieves and effects on recommendation quality as the original study. 
Regarding the personal beliefs on gender roles in career choice 
(Section 5.2), we observe a similar distribution of Q-Stereotype and 
Q-DisparityPersonal. For Q-UseAgain and Q-RecommendToOthers 
we also observe a similar distribution of participant answers be-
tween our and the original study. We observe no significant effect 
of Q-Stereotype on gender de-biased recommendation acceptance, 
but one for Q-DisparityPersonal, which is in line with the results 
from the original study. Our participants’ self-assessments show 
an even less biased distribution. Additionally, we find that more 
sexism-aware participants exhibit less gender bias, and that women 
are less biased regarding Q-DisparityPersonal. In both studies and 
for both questions, the biased recommender has slightly, but not 
significantly, higher rankings than the gender de-biased version. 
Overall, our study replicates and confirms the results from [60] and 
shows that they hold despite different study designs. We answer 
RQ1 as follows: 

We can reproduce the findings of Wang et al. [60] with 
verified de-biasing methods and comparable models. 

6.2 Effects of gender bias information on user 
perception 

A follow-up questionnaire conducted in [60] indicates that explana-
tions on gender bias, and its implications for recommender systems 

could help nudge users to accept gender de-biased recommenda-
tions better. We presented an intervention, including such an ex-
planation, to every second participant in our online user study 
(Section 4.3). However, we did not find any significant effect of the 
explanations on how users perceived recommender quality, their 
satisfaction with the course recommendations, or how fitting they 
find their recommendations to their interests. Yet, although not 
significantly, users having received an intervention showed equal 
or higher satisfaction with their recommendations throughout all 
groups and concepts in our study. We therefore answer RQ2 with: 

We did not find any significant evidence that concise 
and high-level explanations on gender bias influence 
user perception of gender de-biased educational recom-
mendations. 

Several perspectives could explain our observation. On the one 
hand, a different prompt design could have achieved different re-
sults. [56] showed that exposing people to scientific evidence about 
stereotypes to reduce their biases can actually cause the opposite 
effect, due to these cues’ high social complexity. A successful in-
tervention could therefore require a different design. We chose a 
short and high-level prompt to ensure that participants pay atten-
tion. However, our prompt could have benefited from more length, 
more detail, or simpler language. On the other hand, explicit ed-
ucation on gender bias could not be the best way of improving 
user perception. The hypothesis that such information improves 
acceptance of de-biased recommendations relied on the responses 



The Effect of Gender De-biased Recommendations — A User Study on Gender-specific Preferences CHI ’25, April 26–May 01, 2025, Yokohama, Japan 

(a) Results from original study by [60] 

(b) Q_UseAgain (from 1: Strongly disagree or least satisfied to 7: 
Strongly agree or most satisfied) 

(c) Q_RecommendToOthers (from 1: Strongly disagree or least satisfied 
to 7: Strongly agree or most satisfied) 

Figure 3: Participant usability ratings 

to the questionnaire by [60], not on established theory. Moreover, 
the survey sample size of 20 participants was relatively small. Other 
participants could have suggested different design changes. 

6.3 Gender differences 
In extension to Wang et al. [60], we investigated whether male and 
female participants perceived gender de-biased recommendations 
differently compared to biased recommendations. Indeed, male 
participants did not indicate any preference for biased recommen-
dations. Instead, they slightly, although insignificantly, preferred 
the de-biased recommendations (Figure 4). We therefore answer 
RQ3 with: 

Only female users significantly preferred biased rec-
ommendations. Male users slightly, but insignificantly 
preferred de-biased recommendations. 

The observation appears to contradict the self-reported beliefs 
about gender roles in career choices by the participants. In Q-
DisparityPersonal, women’s answers indicate that they are more 
willing to work in a male-dominated career than men in a female-
dominated career. The contradiction could be due to the fact that 
the educational recommendations were not career-oriented. 

Alternatively, the group sizes in the training data could explain 
our observations. Females made up the majority of the training 

data set at 74% of all participants. Hence, the model could predict 
based on twice as many similar preferences for "typically" female 
choices behavior than typically male choices. Moreover, the female 
training samples could have outweighed the male samples during 
training. Hence, female users could prefer the biased model because 
they are the majority. Similar model behavior has been observed 
in-between different groups in the context of exposure bias [39]. 

A more speculative explanation for women gravitating toward 
stereotypically female educational recommendations could be that 
women tend to be less confident than men when envisioning them-
selves in a counter-stereotypical environment. For example, men 
are more likely to apply for a job even if they do not meet all the 
qualifications, whereas women typically only apply when they 
feel particularly qualified [55]. Women may be more comfortable 
in familiar environments where they possess all required compe-
tences while men may be more open towards areas that they are 
unexperienced in. 

6.4 Limitations 
Our study was limited to German participants. It only measured 
gender stereotypes of parts of the German society. With [60] ob-
taining similar results from their US study and the cultural and 
political similarities, we assume that these tendencies also hold true 
in at least Nothern America and Western Europe. On a global scale, 
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(a) Recommender quality by experiment group. (b) Course satisfaction by experiment group. 

Figure 4: Participants’ ratings on recommendation quality and satisfaction with their top-5 recommendations. 

gender-based division of labor is consistent throughout all cultures, 
but to very different extents, so that the observed effects may differ 
more strongly around the globe [21]. 

Moreover, our results, just as those of the replicated study, rely 
on stated preferences. Revealed preferences could differ. Users could 
decide differently in real-world scenarios where their educational 
choices affect their identities and how others perceive them, espe-
cially considering the investment of taking a time-intensive course 
or even an expensive major. In our lab environment, the benefit of 
appearing unbiased by selecting non-stereotypical courses could 
outweigh the choices’ imaginary implications. 

Lastly, we only presented one concise and high-level explanation 
on gender bias to the intervention group. A different design could 
have better introduced participants to the complex topic that gender 
bias is. Future studies could also include a comprehension task and 
control for the participants’ understanding. 

6.5 Implications 
Our key observation, that users on average dislike gender de-biased 
recommendations, is in-line with previous findings on interactions 
with search engines from [30] with the exception that in our study, 
participant’s gender significantly influenced their perception of rec-
ommendation quality. Hence, men and women could have similar 
biases about the outside world that affect their own preferences 
differently. Alternatively, group sizes in the training data set could 
have played a significant role so that de-biasing affected the ma-
jority and minority group differently. Last, the fact that the biased 
system is optimized for acceptance could imply that de-biasing 
methods always decrease user satisfaction. 

Much research exists on measuring and mitigating gender bias 
in recommendations. We demonstrate that removing the gender 

bias from recommendations is not enough because de-biasing can 
decrease user satisfaction, even when users are aware of the bias. 
We attempted to remove the gender bias from participants through 
short explanations on what gender bias is and why it can be harm-
ful. However, despite participants from a previous study stating 
that such explanations would help them overcome gender bias, we 
did not find any significant effect on satisfaction. One approach to 
reduce people’s gender biases is embodiment [25], and perhaps in 
some settings, similar approaches could be deployed. For example, 
when recommending career options, users could view examples 
of personas that they identify with in contra-stereotypical occupa-
tions. Without a solution, commercial recommendations providers 
could opt-out of de-biasing their recommendations. This could, in 
turn, fuel the users’ biases further. Public, not-for-profit recom-
mendation providers that want to de-bias their recommendations 
require efficient methods for retaining user acceptance. 

Our findings also revealed that de-biasing affects genders benefit 
differently, perhaps based on relative group sizes. The male minority 
responded more favorable of the de-biased recommendations than 
the female majority. We do not know whether gender or relative 
group sizes are responsible. However, future research on gender 
de-biasing and potentially on general de-biasing, should group their 
results by gender or groups in general. Otherwise, majority groups 
could skew the results in their favor. 

We showed that existing de-biasing measures do not always paint 
the whole picture. Our measure, the DCC, can help researchers and 
practitioners better assess de-biasing methods. Our proposed de-
biasing method GD out-performed the other methods in our setup 
and could potentially proof superior to existing approaches in a 
broader comparison. 
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While not included in table 1, we also evaluated GD with active 
gender-specific intercept terms during development, effectively pro-
viding the base model with the true gender features. We found that 
this approach increases gender bias significantly over the base model. 
Hence, controlling for sensitive features could help the model to 
learn stereotypical relationships and bias them even stronger. 

6.6 Future Research Directions 
Our results open towards several important research questions. 
First, in our study, female users preferred the biased recommenda-
tions and they were in the majority group. We do not know whether 
their gender or them being the majority group drives this prefer-
ence. Further research could employ a gender-balanced dataset, 
or train one model on predominantly female data and one on pre-
dominantly male data and then compare the two to investigate 
whether women generally prefer biased recommendations. Second, 
our study and the original study [60] ask participants to state their 
preferences. Field studies are necessary to verify that this effect 
translates to real-world environments. Last, the presented partic-
ipants with brief, high-level information on gender bias. If and 
which other designs, for example, different content length and com-
plexity, video or image content, or even entirely different concepts, 
could yield a stronger effect on users remains a challenge for future 
research. 

7 Conclusion 
This study replicates the work of Wang et al. [60] on whether users 
perceive gender de-biased recommendations better than gender-
biased recommendations while addressing important limitations. 
Additionally, it investigates whether providing users with informa-
tion on gender bias changes how they perceive gender de-biased 
recommendations. We perform an online user study with 800 partic-
ipants in a 2x2 between-subjects design. In contrast to the original 
study, we rigorously assess the de-biasing method, find that it yields 
unsatisfying results in our setting and identify better performing 
methods. We propose a novel de-biasing measure, the DCC, to 
evaluate to which extend an assumed de-biasing-method actually 
contributes to fairness. We find that a Popularity deconfounding-
inspired method, GD, improves demographic parity significantly 
better than the method from the original study. Overall, our find-
ings are consistent with the ones from Wang et al. [60], i.e. on 
average the participants prefer biased recommendations. However, 
we observe that only female participants significantly prefer bi-
ased recommendations. Male participants slightly prefer de-biased 
recommendations, although insignificantly. Hence, preferences dif-
fer by gender and the majority female group skews the overall 
result. Future research should investigate whether gender, majority 
group-status, or both drive this preference. We also do not find sig-
nificant evidence that explanations on gender bias improve users’ 
perception of de-biased recommendations. Differently designed 
explanations or different approaches could have greater effects on 
user behavior. 
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A ANCOVA regression tables 
Table 4: ANCOVA regression table for the effects on the recommender quality. 

Sum Sq Df F value Pr(>F) 

debiased 9.53 1 5.16 0.0234 
intervention 2.22 1 1.20 0.2728 
sexismAwareness 2.37 1 1.28 0.2576 
survey.1.player.gender 17.15 1 9.29 0.0024 
debiased:intervention 0.35 1 0.19 0.6615 
debiased:survey.1.player.gender 14.03 1 7.60 0.0060 
intervention:survey.1.player.gender 2.81 1 1.52 0.2176 
Residuals 1392.43 754 

Table 5: ANCOVA regression table for the effects on the recommended course satisfaction. 

Sum Sq Df F value Pr(>F) 

debiased 6.40 1 6.76 0.0095 
intervention 0.94 1 1.00 0.3187 
sexismAwareness 6.33 1 6.70 0.0099 
survey.1.player.gender 2.19 1 2.32 0.1284 
debiased:intervention 0.99 1 1.04 0.3074 
debiased:survey.1.player.gender 8.68 1 9.18 0.0025 
intervention:survey.1.player.gender 0.23 1 0.24 0.6230 
Residuals 712.93 754 
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