The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

An External Fairness Evaluation of LinkedIn Talent Search

Tina Behzad!, Siddartha Devic?, Vatsal Sharan®*, Aleksandra Korolova®*, David Kempe?*

I Stony Brook University
2 University of Southern California
3 Princeton University
tbehzad @cs.stonybrook.edu, {devic, vsharan} @usc.edu, korolova@princeton.edu, David.M.Kempe @ gmail.com

Abstract

We conduct an independent, third-party audit for bias of
LinkedIn’s Talent Search ranking system, focusing on poten-
tial ranking bias across two attributes: gender and race. To
do so, we first construct a dataset of rankings produced by
the system, collecting extensive Talent Search results across
a diverse set of occupational queries. We then develop a ro-
bust labeling pipeline that infers the two demographic at-
tributes of interest for the returned users. To evaluate poten-
tial biases in the collected dataset of real-world rankings, we
utilize two exposure disparity metrics: deviation from group
proportions and MinSkew@Fk. Our analysis reveals an under-
representation of minority groups in early ranks across many
queries. We further examine potential causes of this disparity,
and discuss why they may be difficult or, in some cases, im-
possible to fully eliminate among the early ranks of queries.

Beyond static metrics, we also investigate the concept of sub-
group fairness over time, highlighting temporal disparities in
exposure and retention, which are often more difficult to au-
dit for in practice. In employer recruiting platforms such as
LinkedIn Talent Search, the persistence of a particular candi-
date over multiple days in the ranking can directly impact
the probability that the given candidate is selected for op-
portunities. Our analysis reveals demographic disparities in
this temporal stability, with some groups experiencing greater
volatility in their ranked positions than others. We contextual-
ize all our findings alongside LinkedIn’s published self-audits
of its Talent Search system and reflect on the methodologi-
cal constraints of a black-box external evaluation, including
limited observability and noisy demographic inference. Our
work contributes empirical insights and practical guidance
for conducting third-party audits of modern socio-technical
systems which go beyond the well-studied and standard algo-
rithmic fairness guarantees of predictors.

Code — https://github.com/tina-behzad/LinkedIn- Audit
Extended version — https://arxiv.org/pdf/2511.10752

1 Introduction

LinkedIn is one of the most important platforms for hiring
around the world. According to LinkedIn’s official statis-
tics, more than 10,000 members worldwide apply for jobs

“These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

38224

Rank 1 James
Rank 2 Vikas
Day 1/7 Rank 3 Luisa

Rankk .. 1. Exposure Disparity Analysis

QML Engineer AND —> 2. Temporal Disparity Analysis

(Python OR Java) - > @

N Rankll Hannah / Tl

Rank 2 Luisa
Demographic

Information Inference

Day 5 Rank 3 James

Rank k

Figure 1: A schematic overview of our pipeline: we is-
sue identical queries to LinkedIn Talent Search over five
consecutive days (Section 3.1), ingest the results into our
database, and then enrich these records with demographic
inferences using external APIs and datasets (Section 3.2).
Finally, we carry out exposure-disparity analysis (Section 4)
and temporal-disparity analysis (Section 5).

on the platform every minute (LinkedIn 2025). LinkedIn’s
employer-focused recruiting suite, LinkedIn Recruiter, is
one of the platform’s most impactful aspects, serving as an
influential and widely-used tool through which employers
find potential job candidates. LinkedIn’s Recruiter platform
provides a host of features that connect employer recruiters
to relevant candidates for particular roles, via a robust can-
didate search and screening filters. According to LinkedIn,
more than 5.7 million talent professionals across 1.1 million
companies use LinkedIn Recruiter to source and hire candi-
dates, and seven people are hired through the platform every
minute (LinkedIn Talent Solutions 2025).

LinkedIn operates at a massive scale, and has a tangible
impact on the modern labor market. Given this, the fairness
of its recruiting platform remains as important an issue as
ever. Previous work has demonstrated that some components
of social media platforms, such as Meta’s employment (Ali
et al. 2019; Imana, Korolova, and Heidemann 2021) and ed-
ucation (Imana, Korolova, and Heidemann 2024) ad deliv-
ery mechanisms, can be biased. However, to the best of our
knowledge, the key aspect of LinkedIn’s recruiting platform
responsible for directly connecting job market candidates to
recruiters, its recruiter-facing candidate search tool, has not
yet been independently studied.

LinkedIn Talent Search (LTS) allows recruiters to view a
ranking over individuals when searching for candidates us-
ing a particular query, which consists of a combination of



skills and other criteria specified by the recruiter. For ex-
ample, a recruiter for a technology company in New York
City may construct an LTS query that searches for nearby
candidates with skills in Python and at least three years of
experience in management.

Given that recruiters have limited resources and place
considerable trust in LinkedIn’s algorithms,! the resulting
ranking over candidates for any particular LTS query thus
has considerable power in shaping who gets seen, contacted,
and ultimately hired. Given LinkedIn’s dominance, LTS can
influence both individual careers and the diversity of the
broader corporate workforce. Minute unfairness or even un-
intended behaviors on the order of a single-digit percentage
can have lasting downstream impacts on thousands of peo-
ple.

Although LinkedIn’s self-reports claim improvements
across defined fairness metrics (Geyik, Ambler, and Kentha-
padi 2019), independent and replicable external audits are
crucial for providing validation of these efforts and improv-
ing trustworthiness (Longpre et al. 2025). Our goal is to con-
duct an independent, replicable external audit of LinkedIn
Recruiter’s ranking algorithms for potential biases across de-
mographic groups. In addition, we will advance the method-
ological toolkit (Metaxa et al. 2021) needed for overcoming
practical barriers to carry out such audits effectively (Cen
and Alur 2024; Casper et al. 2024; Imana, Korolova, and
Heidemann 2023).

1.1 Overview of Audit

We conduct an external, fully independent empirical audit
of LinkedIn’s Recruiter platform candidate search system,
LTS, and compare our findings against publicly available
LinkedIn’s self-reports of its fairness initiatives. First, in
Section 2, we elaborate on the challenges of collecting data
in the absence of internal or full platform access to LinkedIn
Recruiter Search. Next, in Section 3.1, we address the task
of data collection and labeling, focusing in particular on the
difficulty of inferring demographic information from can-
didate profiles. In Sections 4 and 5, we discuss and select
fairness metrics that capture meaningful notions of equity
across multiple time scales and for multiple subgroups, of-
ten in the face of incomplete or noisy data. At a high level,
our results point to disparities between candidates with dif-
fering genders in (1) the early ranks of queries (the first 100
ranks / the first 4 pages of candidate results); and (2) when
repeating queries over multiple days. Our work serves both
as an analysis of fairness outcomes in LTS and as a reflec-
tion on the broader challenges of performing such external
audits.

2 LinkedIn’s Ranking Pipeline

LinkedIn Recruiter (LTS) operates using a two-stage rank-
ing architecture, a standard approach in large-scale informa-
tion retrieval systems (Liu et al. 2009; Dang, Bendersky, and

Independent surveys report LinkedIn as the leading social re-
cruiting channel, with over 71% of 1,200 respondents using it
(NextThing RPO 2025).
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Croft 2013). 2 There is a large pool of candidates C'. For any
particular query ¢, the platform’s goal is to present the re-
cruiter with a ranked list of relevant candidates. Given the
scale of LinkedIn’s user base, computing a full ranking over
all possible candidates in C' is prohibitively expensive.

In the first stage, known as candidate retrieval, a small
subset of relevant candidates C, C C'is selected from the
overall pool C'. The set C; represents candidates that may be
of interest to a recruiter issuing query ¢. This retrieval stage
is powered by Galene (Sriram Sankar 2015), LinkedIn’s in-
house search engine. Galene generates an initial list of can-
didates based on a feature-level matching utilizing candidate
profile aspects such as job titles, skills, employment history,
etc.

In the second stage, LinkedIn uses machine-learned mod-
els to assign a relevance score to each candidate in Cj. A
common paradigm within the second stage is for a score
function r*(z) to map each individual x € Cj to a rele-
vance score in [0, 1]; the individuals are then returned to the
recruiter in order of decreasing score. One important prop-
erty of LinkedIn’s relevance score is that it captures a com-
bination of two aspects: (1) LinkedIn’s estimate that the in-
dividual z is qualified for q; and (2) LinkedIn’s estimate that
the candidate is willing to respond to the query ¢. LinkedIn’s
motivation for incorporating both components into the rele-
vance score is to satisfy the recruiters: neither unqualified
nor uninterested/unmovable candidates would be useful to
recruiters, and a large percentage of such candidates would
lead to recruiters’ dissatisfaction with LTS.?

The ranked lists should not only be useful, but also adhere
to hiring laws and best practices.* Operationalizing hiring
laws and best practices is often ambiguous given the uncer-
tainty about how interviewing and hiring laws apply to digi-
tal hiring pipelines.’ Nonetheless, LinkedIn has released in-
formation (Geyik, Ambler, and Kenthapadi 2019) about the
fairness metric(s) they aim to optimize and some of the in-
terventions that they apply before presenting the final ranked
list to the recruiter. We describe one fairness metric and
the corresponding post-processing method (DETGREEDY)
which, as of 2019, LinkedIn applies to all returned candi-
date rankings within recruiter search.

Suppose that the overall candidate pool C can be parti-
tioned into m disjoint groups C = g1 U go U - - - U g,,, based
on sensitive attributes or profile data. Once the relevant can-
didate list C; is obtained, the proportion of each group g;
in query g is defined as p; = |C, N g;|/|C,|. Notice that

2Qur description of LinkedIn’s talent search is based on the lat-
est publicly available academic and technical publications. We ac-
knowledge that some of these sources are several years old and
that the actual systems or algorithms used by LinkedIn may have
evolved since their publication.

3 According to LinkedIn, the “InMail” acceptance rate of candi-
dates accepting such connections from interested recruiters is a key
business metric for the company (Ramanath et al. 2018).

*We mainly focus on US laws and hiring practices in this work,
since the queries we make are conducted from and geographically
centered within the US.

3See, e.g., the ongoing lawsuit Derek Mobley v. Workday
Inc. (Case 3:23-cv-00770).



p; represents the proportion of the returned relevant candi-
dates which belong to group g;, not the proportion of can-
didates from the entire pool C. Let cf denote the cumula-
tive count of the number of individuals belonging to group
g; from ranks 1 through & (inclusive) in the ranking shown
to the recruiter. Geyik, Ambler, and Kenthapadi (2019) pro-
pose a suite of post-processing algorithms which, for every
group g;, ateach k € {1,...,|C,|}, enforce:

lpf - k] < cfF < [p; K]

After defining and experimenting with several proposed
algorithms in Geyik, Ambler, and Kenthapadi (2019),
LinkedIn chose to deploy DETGREEDY in LTS. This algo-
rithm has theoretical guarantees of satisfiability when the
number m of groups is at most 3. Since the post-processing
algorithm is applied after the individuals are sorted by score,
individuals are therefore never compared between different
groups g; 7 g;; the scores are only used to rank the individ-
uals within their own group. For each position in the ranking,
the candidate with the highest score from the currently most
underrepresented group is selected. The fact that such an ap-
proach works relies crucially on the disjointness of groups; it
would be a much more difficult task if the groups were over-
lapping, as is desired in other fairness notions for candidate
ranking (Dwork et al. 2019; Devic et al. 2024).

3 Data Collection
3.1 Retrieving Ranking Data

In this section, we describe how we collected data from
LinkedIn’s Recruiter Lite platform.® We note that Recruiter
Lite has more limited functionality and access than the full
Recruiter platform. However, obtaining access to the full Re-
cruiter platform requires: (1) being a well-established com-
pany; (2) a meeting with a LinkedIn representative; and (3)
paying an undisclosed amount on the order of many thou-
sands of dollars per recruiter per year — requirements that
are virtually impossible to satisfy for independent auditors.
In contrast, the Recruiter Lite platform can be accessed with
a free trial and can be extended beyond that for $170 a
month. Recruiter Lite, to the best of our knowledge and
experience, can be easily requested by any real individual
with an active and populated LinkedIn profile and a plau-
sible story. As we performed the audit without LinkedIn’s
express permission or knowledge, and did not have access
to any company’s full Recruiter platform license, we per-
formed our investigations with Recruiter Lite. Recruiter Lite
memberships are subject to several important limitations:

 Limited search scope: Search results are restricted to the
account owner’s 3rd-degree connections. Assuming that
each LinkedIn user has around 200 connections,” with
an estimated 20% overlap in 2nd-degree connections and
30% overlap in 3rd-degree connections, this results in a
reachable network of approximately 4.5 million people.

Shttps://business.linkedin.com/talent-solutions/recruiter-lite

"LinkedIn claims that the average number of connections per
person in the US was 109 in 2016 (Barbarasa, Barrett, and Goldin
2017).
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* Daily candidate limit: The number of unique candidates
viewable in LTS queries is capped at 2,000 per day. This
means that collecting a substantial dataset requires mul-
tiple days of queries.

Result page limit: Only the first 1,000 candidates (40
pages of 25 candidates each) are viewable for any query.

Hidden candidate data: Candidates outside the account
holder’s 3rd-degree connections appear in search results
as LinkedIn Member with anonymized details. Since
these candidates are “missing” data, we skip them when
scraping. Even if their inclusion were to offset dispar-
ities, recruiters using Recruiter Lite would not be able
to view or contact these anonymized candidates, so they
would not contribute to balancing representation in prac-
tice.

No access to job-seeking status: Recruiter Lite member-
ship does not provide visibility into whether a candidate
is actively looking for a job by marking themselves as
“open to work”. This limitation prevents us from tracking
transitions between active and passive job-seeking states.
These signals could serve as proxies for successful hires
or help explain why certain candidates disappear from
search results over time.

We employ the Selenium Python package and its built-
in Chrome WebDriver to automate data collections (see the
full version for additional details). We note that all data col-
lected are publicly available on the LinkedIn Recruiter plat-
form. We collected rankings of around 26,000 candidates
across 78 different queries. All queries were collected from
the state of New York without a VPN.® We also perform
many of the same queries across multiple days to investigate
the temporal aspect of the rankings.

We categorize queries into three levels of search speci-
ficity: general queries, general queries with full candidate
card information, and position-specific queries with full can-
didate card information.

Query Set 01: General Queries. These queries were se-
lected from the job titles listed by the U.S. Bureau of Labor
Statistics (BLS),” ensuring that group-level statistics were
available for each. In total, we selected 40 titles, aiming to
include at least one representative from each major cate-
gory or subcategory defined by the BLS to preserve diver-
sity across professions. Each query was repeated over five
consecutive days. Using these titles as keyword queries, we
applied the “NYC Metropolitan Area” location filter and
scraped ranked candidates up to rank 200 (eight pages). For
each query, we collected all data visible on the candidate
cards, including profile name, headline, connection level,
profile picture link if available, and background details (ed-
ucation, experience, and skills) without clicking on the “’see
more” option. We were able to scrape data for up to only
eight queries per day. These queries were conducted from
December 30th, 2024 to January 28th, 2025. In the follow-
ing sections we refer to this query set as (1.

8The Recruiter product could potentially behave differently in
different countries; our audit is focused on the US version.
*https://www.bls.gov/cps/cpsaatl 1.htm



Query Set (Q2: General Queries with Full Candidate
Card Information. From February 12th to March 28th,
2025, we executed a set of 40 queries. For each query, we
collected results up to the 200th rank on five consecutive
days within this time period. During this phase, we clicked
each candidate card’s “See more” button to extract the full
list of their experience, background and skills. We refer to
this query set as Q2. While ()2 contains the same set of
queries as ()1, the key difference is that ()5 includes full
candidate card information. In the remainder of this paper,
we focus our analysis on () for general queries.

Query Sets Q3 and @Q)5: Position Specific Queries with
Full Candidate Card Information. To mirror real-world
Recruiter searches, we collected descriptions of random
LinkedIn job postings (fetched within an Incognito win-
dow without logging in to LinkedIn) and prompted Ope-
nAI’s 04-mini-high model to generate a query from the post-
ing’s requirements. Each query consists of four to five AND-
connected terms, where each term itself OR-combines sev-
eral related skills or job titles. The resulting query returns
a focused set of qualified candidates for that job posting.
We then iteratively refined each query manually until it re-
turned fewer than 1,000 qualified candidates, allowing us
to retrieve the complete ranked list within the constraints of
Recruiter Lite. For every candidate in the ranked lists, we
collected the same information as in Set 2, (5. For 9 of these
queries, data were retrieved on a single day; for the remain-
ing 15, they were collected over five consecutive days. These
queries were conducted from March 30th to April 2nd, 2025.
In the following sections, we refer to this query set as (J3. To
minimize the impact of missing candidates in the rankings,
we selected 8 queries for which the proportion of LinkedinIn
members was less than 1% of the total results. Identifying
queries that met this criterion was particularly challenging,
as LinkedIn frequently returns rankings that include inacces-
sible members. For each of these queries, we collected the
same data for all returned candidates between May 13th and
May 23rd, 2025. We refer to this query set as Q5.

3.2 Data Labeling

Accurately assessing fairness in algorithmic systems typi-
cally requires member-level demographic signals, for exam-
ple, gender, race, or ethnicity, in order to measure dispar-
ities across different groups. For external audits like ours,
this means devising a method to infer demographic attributes
without direct access to ground truth labels. LinkedIn faces a
similar challenge internally as only about 6% of LinkedIn’s
U.S. members have self-reported their race/ethnicity via
LinkedIn’s Self-ID survey (Badrinarayanan et al. 2024).
To expand fairness assessments beyond this limited group,
LinkedIn has developed a Privacy-Preserving Probabilistic
Race/Ethnicity Estimation (PPRE) method (Badrinarayanan
et al. 2024). This system combines Bayesian Improved Sur-
name Geocoding (BISG, see Elliott et al. (2009)), data from
the Self-ID survey, and privacy-enhancing technologies, in-
cluding secure two-party computation and differential pri-
vacy. Crucially, this approach avoids assigning determinis-
tic race/ethnicity labels to individuals and generates proba-
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bilistic estimates on the fly, which are encrypted, aggregated,
and immediately discarded after measurement. This design
ensures that fairness evaluations can be conducted respon-
sibly, without compromising individual privacy or enabling
downstream use of inferred demographic attributes.

In the following discussion, we outline the strategies we
used to assign gender for candidates. We provide details of
our race inference in the full version.

Gender Estimation. In our analysis, we focus on binary
gender (male/female).'® We use candidates’ first name to
infer their gender using the Social Security Administra-
tion’s national name dataset (Social Security Administra-
tion 2025). For each name, we assign the gender with the
higher frequency based on the Count column in the dataset,
which indicates how many times the name was recorded for
each gender. When a name appears with only one associ-
ated gender, the assignment is straightforward. For names
not found in the dataset, we leverage the free tiers of publicly
available commercial APIs ( GenderAPI (2025) and Gen-
derizelO (2025)) to infer gender using the first name. Using
the combination of these three sources, we labeled the vast
majority of candidates, and only 600 individuals (2.3%) re-
mained unlabeled. To validate the accuracy of our gender
labels, two of the authors manually annotated 5,700 can-
didate profiles using full names and profile pictures (when
available).!! Across the full set of 5,700 manually labeled
cases, the agreement with the automatically assigned labels
was 95%.

4 Analysis

In this section, we evaluate the effectiveness of potential
post-processing methods in LTS using two key metrics that
measure disparities in group representation. We focus on
gender analysis, with results for racial groups included in
the full version. Since both metrics require accurate esti-
mates of each group’s overall proportion, we limit our analy-
sis to position-specific queries where the full candidate pool
is available (query set Q3 and Q%), allowing for more reli-
able estimation. We provide the same analysis for the gen-
eral query set 2 in the full version.

4.1 Deviation from Group Proportion

In Geyik, Ambler, and Kenthapadi (2019), LinkedIn noted
that they apply the DETGREEDY algorithm (as described in
Section 2) using binary gender as the grouping variable. Un-
der this approach, the cumulative count for each group 7 at
rank %k should approximately match p; - k, where p; repre-
sents the share of group ¢ in the overall retrieved candidate
pool. In other words, the proportion of candidates from each
group should closely reflect p; throughout the ranked list.
For the position-specific queries, Q3 and Q%, we can com-
pute observed group proportions directly from the data, and

%We acknowledge that this framing does not capture the full
spectrum of gender identities, and we recognize the limitations this
imposes on the inclusivity and comprehensiveness of our results.

"'These manual labels were not used in our analysis and were
only used to measure the accuracy of our inference.
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Figure 2: Deviation between the observed top-k gender pro-
portions and the overall candidate pool proportions for the
set of queries for which we scraped the full list of returned
candidates (Q3). Each row corresponds to a query, with
gender-wise deviations shown across rank positions up to
k = 300. Gray areas indicate ranks beyond the total num-
ber of returned candidates for that query (i.e., the candi-
date pool was smaller than 300). Red values indicate under-
representation relative to the overall group proportion, while
blue values indicate over-representation.

use them as an estimate of p] for evaluating exposure dis-
parities by calculating deviation from the true proportion.

The total number of retrieved candidates for queries in
Qs ranges from 73 to 1,000, the upper limit under our Re-
cruiter Lite membership. We restrict the analysis to queries
with less than 15% missing candidates.'? Here, we examine
ranks up to 300 for queries in 3. Throughout this analy-
sis and the remainder of Section 4, we rely on the candi-
date rankings retrieved on the first day each query was run.
While these queries provide access to what appears to be
the full pool of returned candidates, the presence of even a
small number of missing profiles can introduce noise into
the estimation of the true group proportions p;. To improve
accuracy, we looked for queries with less than 1% missing
data and scraped the complete candidate lists for each. We
retrieved data for eight such queries (Q%), with candidate
pool sizes ranging from 111 to 698. Here, and in the subse-
quent plots, we examine ranks up to 200 for queries in Q4
since six of the eight queries contain fewer than 200 candi-
dates. The full query text and corresponding candidate pool
sizes for both sets are listed in the full version.

Figure 2 and 3 visualize (p; — ) for each query in
Qs and Qf, respectively, where n; ,, denotes the cumulative
count of candidates from group ¢ up to rank k and p; denotes
the overall proportion of group ¢ in the candidate pool.

Both plots consistently show that the magnitude of devia-
tion is greatest in the very top ranks and then rapidly dimin-
ishes toward zero further down the list.!> At very low k, the

"2The missing candidate rate thresholds for each set were chosen
to balance data quality with maintaining adequate query coverage.
Recall that candidates are “missing” in the Recruiter Lite rankings
if they are further than three hops in the connection graph from the
recruiter (Section 3.1).

3We use the terms top ranks and early ranks interchangeably
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Figure 3: Deviation between the observed top-k gender pro-
portions and the overall candidate pool proportions for the
set 5 of queries with less than 1% missing members.
Gender-wise deviations are shown across rank positions up
to k = 200.

deviation bars (deep red or blue) are largest, but by k£ ~ 100
they have largely collapsed toward white. In other words,
small slices of the top of the ranking are where gender skew
is most pronounced; as more candidates are being consid-
ered, the sample proportions gravitate back toward the over-
all baseline. For the female panel (left), nearly every query
shows a red bias at k¥ < 25, indicating under-representation
of women in the very top slots relative to their overall share.
By contrast, the male panel (right) is mostly dominated by
blue at the very top.

After about k£ > 75, almost all entries are near zero, so by
the third or fourth page of results, there is essentially no gen-
der skew. However, this does not diminish the impact of dis-
parities observed at the top of the ranking. Algorithmic sys-
tems are subject to position and trust biases; users are more
likely to engage with candidates near the top and to trust that
those candidates are the most qualified (Joachims et al. 2007,
2005). In platforms like LinkedIn Recruiter, where recruiters
typically begin reviewing from the top of the list and may
never reach lower-ranked pages, skew at early ranks carries
the most weight. Even small disparities at the top can trans-
late into meaningful inequities in visibility and opportunity.

4.2 Skew@k

Although computing deviation from the expected group pro-
portions at top-k ranks is a standard approach to measure
statistical parity, and aligns with standard metrics such as
Normalized Discounted Difference proposed by Yang and
Stoyanovich (2017), in the work Geyik, Ambler, and Ken-
thapadi (2019), LinkedIn introduced an alternative metric
known as MinSkew @k.

This metric quantifies the worst-case deviation from the
target representation among all protected groups at a given
cutoff k. Specifically, the skew for group g; in the ranked list
T, 18 defined as:

Skew,, @k(7,) = log <p’if> , (1)
Py,
where pz 4 denotes the proportion of candidates with at-

tribute value g; in the top-k of the ranked list 7., and p?, is

throughout the paper, both referring to candidates appearing at the
beginning of the rankings.



the desired (target) proportion for g; in the given query gq.
Subsequently, MinSkew @k is defined as:

MinSkew@Qk(7,.) = Inené Skew,, Qk(T,), 2)
gi

capturing the most disadvantaged group’s deviation at rank
k. According to the reported results of Geyik, Ambler, and
Kenthapadi (2019), the average MinSkew@100 improves
from —0.259 to —0.011 after applying the DETGREEDY al-
gorithm. They also report similar improvements across other
cutoffs, with MinSkew@k values approaching zero consis-
tently for over 95% of the queries (see the full version for
a step-by-step example of how this metric is calculated and
how it varies as the underlying distribution changes.).

The logarithmic nature of the metric makes it highly sen-
sitive to small discrepancies in observed vs. expected pro-
portions. While this makes it powerful for detecting even
mild imbalances, it also means that inaccurate or noisy esti-
mates of p*, especially in external audits like ours, can lead
to misleading skew values. Accurate estimation of the target
distribution is therefore essential for the meaningful applica-
tion of this metric. Therefore, for the following comparison,
we focus on the subset of queries with less than 1% missing
candidates from the set where the full candidate pool was
retrieved (Q3 U @Q5). This results in 12 queries. Figure 4 dis-
plays the Skew@Fk metric for both gender groups across the
12 queries, evaluated up to rank 200. The top panel shows
the skew for women, while the bottom panel shows the skew
for men. Note that the y-axis scales differ between the two
plots: female skew values range from approximately —1.5 to
+1.5, while male skew values are mostly bounded between
—0.4 and 4-0.4. This indicates that deviations from expected
representation are more extreme and variable for women.

We also checked for any correlation between Skew @k and
group size (overall proportion) and observed no patterns (see
the full version). Across queries, we observe that Skew@Qk
for women tends to be sharply negative at early ranks, in-
dicating significant under-representation at the top of the
list. For many queries, skew gradually approaches zero as
k increases, consistent with DETGREEDY’s goal of aligning
cumulative group representation with expected proportions.
However, noticeable dips and peaks occur at rank intervals
that align with page boundaries in LinkedIn Recruiter (e.g.,
at k = 25,50, 75), which could be due to certain applied
ranking-metric optimizations taking place at these cut-offs.

A potential confounder in interpreting the Skew @k met-
ric at the very top of the ranking is the discrete nature of can-
didate placements. For small values of k, only a few propor-
tions are actually attainable. For example, when k = 3, one
can only realize 33%, 66%, or 100% representation. Even
in an optimally balanced ranking it might be impossible to
fully eliminate skew among the early ranks of queries. To
correct for this, we compute, at each rank cutoff &, the “un-
avoidable” skew, and then subtract that baseline from our
observed skew. The resulting deviation isolates true over-
or under-representation beyond what is imposed by inte-
gral candidate placement. Our results show that even after
subtracting the best attainable skew at each cutoff, the fe-
male candidates’ skew at the very top ranks remains well
below the reported 0.011 threshold (see the full version for
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Figure 4: Skew@F for each gender across 12 queries with
less than 1% missing candidates, evaluated up to rank 200.
The top plot shows skew values for women; the bottom plot
shows skew values for men. The black horizontal line indi-
cates the average MinSkew@100 value of —0.011 reported
in Geyik, Ambler, and Kenthapadi (2019).

the baseline-corrected skew analysis). Furthermore, for ev-
ery cutoff £, the female group consistently exhibits the low-
est possible skew across these queries and therefore derives
the MinSkew @£ value, a consistency that itself could indi-
cate a potential underlying discrepancy in representation.

To assess whether the average MinSkew deviates from
the reported benchmark of —0.011 after accounting for
both between-query variability and day-to-day noise, we fit-
ted intercept-only linear mixed-effects models at page cut-
offs k € {25,50,75,100}, with a random intercept for
each query (see the full version for details). In every case
through page 4 (k 100), the Wald tests reject Hy
E[MinSkew@k] = —0.011 with p < 0.001. This con-
firms that the observed MinSkew is significantly more neg-
ative than —0.011 and cannot be explained by day-to-day or
query-to-query noise alone. This corroborates our findings
in Section 4.1 which point to group disparities in the early
(before 100) ranks. Both metrics consistently highlight that
disparities are most severe in the top portion of the list and
mostly in favor of the male group.

5 Temporal Aspects of Fairness in Ranked
Candidate Lists

LinkedIn Recruiter operates as a two-sided marketplace,
where recruiters and job seekers have distinct goals and
preferences. On one side, recruiters performing repeated
searches for the same role expect fresh results each day, ide-
ally surfacing new candidates they have not yet reviewed. On
the other side, candidates who are relevant to a given search



would reasonably expect to appear consistently in the results
across time, ensuring continued visibility.

The LTS system must balance these competing objectives
while treating all demographic groups equitably. In partic-
ular, there should be no systematic differences in candidate
retention across days based on gender, race, or other pro-
tected attributes. Temporal discrepancies in exposure can
create unequal visibility and opportunity, even when single-
day rankings appear fair in isolation.

Temporal fairness, and more specifically subgroup reten-
tion across repeated queries, is an underexplored dimension
in the literature (Patro et al. 2022; Liu et al. 2018), and one
that, despite its importance, is not explicitly mentioned in
any of the LinkedIn public-facing communications. To eval-
uate subgroup stability over time, we define the churn rate
for group g; between two rankings (r;) of the same query on
start day s and end day e, over the top k results as:

H{z € g; | x € Top-k(rs) Az ¢ Top-k(re)}|

Churn®7¢(k) =
urng (k) {x € g; |z € Top-k(r)}|

This metric captures the proportion of candidates in group
g; who appeared in the top & results at time s but were no
longer present at time e. While the overall level of churn,
whether high or low, may reflect deliberate design choices
(e.g., promoting freshness vs. stability), it is important for
the churn rate to be approximately consistent across demo-
graphic groups. This is due to the fact that large disparities
in churn can lead to unequal exposure over time, which in
turn can create disparate candidate outcomes.

The left and right panels of Figure 5, for females
and males respectively, show Churnéfj (k) for k €
{25,50,...,200} and j € {2,3,4,5} in the set Q3 U Q%
of position specific queries with less than 15% missing can-
didates and 5 consecutive days of data. Higher churn rate,
indicating a greater proportion of individuals dropping out
of the top-k ranking, is represented using a darker shade.
Recall, though, that our pipeline does not allow us to deter-
mine whether departures are due to hires or reshuffling.

Overall, we observe that churn rates are highest at the very
top and then steadily decline as k increases, reflecting the
competition for top slots and a relative stabilization deeper
in the list. This pattern holds true for both genders.

At k = 25 and k = 50, women churn about 0.07 units
more than men on average across days, indicating a less
stable presence in the top-k pools. Male drop-outs follow
a more predictable pattern, with smaller turnover from day
1—2 than from day 1—3, 4, or 5, while women’s exits
are more erratic, suggesting greater volatility. We exam-
ined whether churn correlates with overall group representa-
tion and found no association. Using mixed-effects models,
Wald tests reveal statistically significant group differences in
churn at £ = 25 and k = 50. Additional query groups, de-
tailed results, and methodological details appear in the full
version.
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Figure 5: (Left): Heat map of day-to-day churn rates
Churnéfj(k) for the female candidates across position-
specific queries (with less than 15% missing candidates)
over five consecutive days, evaluated at top-k cutoffs k €
{25,50,...,100}. Darker shades indicate higher propor-
tions of candidates dropping out of the top k. (Right): Iden-
tical plot for male candidates.

6 Conclusion

We conducted an independent external audit of LinkedIn Re-
cruiter’s ranking algorithms, examining disparities in candi-
date representation across gender and racial groups. Our re-
sults suggest the use of demographic-aware post-processing,
as disparities decrease at lower ranks but persist near the top.
We also find temporal instability, with churn rates varying
across groups. Beyond these findings, we provide method-
ological guidance for independent audits of platforms with
restricted access; limitations are discussed in the full ver-
sion.
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