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Executive Summary 
 

This report provides a comprehensive analysis of allegations concerning algorithmic gender 
bias on the LinkedIn platform, specifically addressing the claim of an algorithmic suppression 
of women’s voices. It examines the viability of this claim through an investigation of the 
applicable legal frameworks in the European Union (EU) and the United Kingdom (UK), an 
analysis of the technical mechanisms of algorithmic bias, and a review of existing empirical 
evidence. The core objective is to move beyond anecdotal reports to provide an expert 
assessment of the claim's plausibility and its standing within the current regulatory landscape. 

The investigation was prompted by small-scale experiments conducted by professionals on 
LinkedIn, which suggested a significant disparity in content reach between male and female 
users posting identical content. These observations raised critical questions about whether 
the platform's content curation algorithm is biased, either directly or indirectly, against female 
users. This summary synthesizes the report's key findings. 

Plausibility of Algorithmic Gender Bias 

The central conclusion of this report is that the claim of systemic gender bias in content 
amplification on LinkedIn is highly plausible. However, the evidence does not suggest direct, 
intentional discrimination against users based on the explicit attribute of gender. Instead, the 
most probable mechanism is proxy bias. 

Proxy bias occurs when an algorithm, in optimizing for a specific outcome, learns to favor 
seemingly neutral characteristics that are highly correlated with a protected attribute, such as 
gender. In this context, LinkedIn's algorithm is designed to identify and amplify what it 
determines to be high-quality, relevant professional content.1 The bias likely emerges from the 

 
 

1 of 24 



Algorithmic Bias on Professional Networks: An Analysis of Gender, Proxy Effects, and the EU/UK Regulatory Frameworks 

Martyn Redstone, October 2025 

algorithm's learned definition of "professional relevance," which may be based on historical 
data that reflects existing societal biases. 

The analysis indicates that the algorithm may be biased toward a historically male-centric 
model of professional content. This model appears to favor: 

●​ Specific Topics: Traditional "hard" business topics like technology, finance, and sales 
may be weighted more heavily than "soft" topics such as Diversity, Equity, and Inclusion 
(DEI), workplace culture, or harassment, which are more frequently discussed by 
women.2 

●​ Specific Language Styles: The algorithm may reward "agentic" language (e.g., "driven," 
"strategic"), which is more commonly associated with male professionals in performance 
reviews and recommendations, over "communal" language (e.g., "collaborative," 
"supportive").2 

●​ Specific Behavioral Patterns: Research on other platforms shows that users can be 
penalized for exhibiting "female-typical" online behaviors, a factor that can account for a 
significant portion of gendered disadvantages in visibility and success.4 

Therefore, the "suppression" effect is likely a systemic outcome of an algorithm rewarding a 
narrow, gendered definition of professional value, thereby creating a disparate negative 
impact on the reach of content from women that deviates from this learned pattern. 

The European Union Regulatory Landscape 

The EU's legal framework creates a dual-pronged approach to regulating LinkedIn's 
algorithmic systems, resulting in a significant dichotomy in the level of scrutiny applied. 

1.​ The Digital Services Act (DSA): This is the primary legal framework governing 
LinkedIn's content feed. As a designated "Very Large Online Platform" (VLOP), LinkedIn is 
subject to the DSA's most stringent obligations.6 The most relevant provisions are: 
○​ Systemic Risk Mitigation: The DSA mandates that VLOPs conduct annual risk 

assessments to identify and mitigate systemic risks to fundamental rights, explicitly 
including discrimination.6 The alleged suppression of female voices falls squarely 
within this definition. This empowers regulators to compel LinkedIn to investigate and 
modify its recommender system to address such bias. 

○​ Transparency: LinkedIn must be transparent about the main parameters its 
recommender system uses to rank content, providing a legal basis for demanding 
clarity on its algorithmic logic.7 

2.​ The EU AI Act: This regulation is highly targeted and applies to "high-risk" AI systems. 
While LinkedIn's content feed is not classified as high-risk, its recruitment tools (e.g., 
LinkedIn Recruiter) are. AI systems used in "employment, management of workers and 
access to self-employment" are designated as high-risk under Annex III of the Act.9 

○​ For these specific tools, the AI Act imposes strict ex-ante obligations, including 
requirements for high-quality, non-discriminatory training data and robust risk 
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management systems designed to prevent discriminatory outcomes, including those 
arising from proxy bias.9 

This regulatory split creates a situation where LinkedIn's hiring algorithms are subject to 
intense, proactive scrutiny for bias, while the content feed—which shapes professional 
reputation and opportunity—is governed by the less stringent, transparency-focused, and 
ex-post risk mitigation framework of the DSA. 

The United Kingdom Legal Framework 

In the UK, the Equality Act 2010 provides a robust and immediately applicable framework for 
challenging algorithmic discrimination. The Act's provisions are technology-neutral, focusing 
on discriminatory outcomes rather than intent or technical mechanisms. 

●​ Indirect Discrimination: The core legal concept applicable to this case is "indirect 
discrimination." This occurs when a seemingly neutral practice—in this case, the 
algorithm's content ranking logic—is applied to all users but puts a group with a 
protected characteristic (sex) at a particular disadvantage.11 

●​ Legal Analogue to Proxy Bias: The legal concept of indirect discrimination effectively 
encompasses the technical concept of proxy bias. A claimant would not need to prove 
the algorithm is biased, only that its application results in a disparate negative impact. 
The burden would then shift to LinkedIn to demonstrate that its algorithm is a 
"proportionate means of achieving a legitimate aim." 

●​ Regulatory Guidance: Guidance from both the Information Commissioner's Office (ICO) 
and the Equality and Human Rights Commission (EHRC) confirms that the Equality Act's 
protections apply to automated decision-making systems and that simply removing 
protected characteristics from a dataset is insufficient to prevent discrimination via 
proxies.13 

Corporate Response and Evidence 

LinkedIn's public statements and actions reveal a notable disparity in its approach to fairness 
across its different products. 

●​ Fairness in Recruitment: LinkedIn has published detailed, peer-reviewed research on its 
"fairness-aware re-ranking" framework, demonstrating a sophisticated capability to 
measure and mitigate gender bias within its high-risk Recruiter product.16 

●​ Fairness in the Content Feed: In contrast, public communications regarding the content 
feed algorithm, such as the "Mythbusting the Feed" series, have been high-level and 
have not provided comparable technical detail or evidence of specific fairness 
frameworks being implemented.17 

This contrast suggests that the company has prioritized bias mitigation in the area facing the 
highest regulatory scrutiny (hiring tools under the AI Act) while being less transparent about 
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its efforts concerning the content feed. 

Conclusion 

The allegation of a systemic suppression of women's voices on LinkedIn is plausible, with 
proxy bias being the most likely technical cause. A complex interplay of topic, language, and 
behavioral factors, learned by the algorithm from historically biased data, likely results in a 
disparate impact on content reach. In the EU, the Digital Services Act provides the most direct 
regulatory path to address this issue for the content feed, while the AI Act governs the 
company's separate recruitment tools. In the UK, the Equality Act 2010 offers a powerful, 
outcome-focused legal basis for a claim of indirect discrimination. While definitive proof 
would require a large-scale, independent audit of LinkedIn's systems, the existing legal 
frameworks, technical understanding of proxy bias, and available empirical evidence combine 
to form a compelling case that warrants further regulatory and corporate attention. 

 

Introduction: The Plausibility of Algorithmic Gender 
Bias on Professional Networks 
 

The central issue at the heart of this investigation is the allegation of an algorithmic 
suppression of women's voices on LinkedIn, the world's preeminent professional networking 
platform. This claim posits that the platform's content-ranking algorithms may be 
systematically reducing the organic reach of posts authored by women compared to those 
authored by men, irrespective of network size or content quality. Such an effect, if proven, 
would represent more than a mere technical anomaly; it would constitute a significant barrier 
to equal opportunity in the digital professional sphere, potentially infringing on fundamental 
rights to expression and economic advancement. 

The catalyst for this inquiry is a series of compelling, albeit small-scale, anecdotal 
experiments conducted by prominent female professionals on the platform. An initial 
experiment initiated by Jane Evans and Cindy Gallop, and a subsequent paired experiment by 
Dorothy Dalton, produced striking results. In these tests, men and women posted identical 
content. The outcomes showed that male participants, often with significantly smaller 
professional networks, achieved exponentially higher reach and engagement than their 
female counterparts, who possessed much larger follower counts. These observations, while 
not statistically definitive, provided a powerful and tangible basis for the hypothesis that an 
underlying algorithmic bias may be at play. 

This report moves beyond these initial anecdotes to conduct a rigorous and multi-faceted 
analysis of the claim. It is structured to address three central inquiries that form the core of 
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the user's research brief: 

1.​ The Legal and Regulatory Landscape: Which legal frameworks provide the most 
effective avenues for identifying, challenging, and remedying this form of algorithmic 
discrimination? This report will conduct a deep analysis of the European Union's 
landmark digital regulations—the AI Act and the Digital Services Act (DSA)—as well as 
the United Kingdom's well-established Equality Act 2010, to determine their applicability 
and potential enforcement power. 

2.​ The Technical Mechanism: What is the most plausible technical cause of such a 
gender-based disparity? The investigation will scrutinize the distinction between direct 
discrimination (an algorithm explicitly penalizing the attribute "gender: female") and the 
more subtle, yet pervasive, mechanism of "proxy bias." This involves exploring how an 
algorithm could learn to associate gender with seemingly neutral content features, such 
as topic, linguistic style, or sentiment, and thereby produce a discriminatory outcome 
without any explicit instruction to do so. 

3.​ The Empirical Evidence Base: What does the broader body of scientific and industry 
research reveal about gender bias on LinkedIn and similar digital platforms? To move 
beyond the initial experiments, this report will synthesize findings from large-scale 
academic studies, journalistic investigations, and official corporate communications to 
build a comprehensive picture of the evidence supporting or contradicting the central 
allegation. 

By systematically addressing these legal, technical, and empirical dimensions, this report aims 
to provide a definitive assessment of the plausibility of the claim and to outline the pathways 
through which such a systemic issue could be addressed under current and forthcoming 
regulations. 

 

The European Union Regulatory Landscape: A 
Dual-Pronged Approach 
 

The European Union's comprehensive approach to digital regulation provides two powerful, 
yet distinct, legal instruments for scrutinizing LinkedIn's algorithmic systems: the Digital 
Services Act (DSA) and the EU AI Act. A close examination of these frameworks reveals a 
significant dichotomy in how they apply to different facets of LinkedIn's platform. The AI Act 
imposes strict, proactive (ex-ante) obligations on the company's recruitment tools, which are 
deemed "high-risk." In contrast, the general content feed, which functions as a 
"recommender system," is governed by the DSA's framework of transparency and reactive 
(ex-post) systemic risk mitigation. This regulatory split is central to understanding the legal 
avenues available to address the alleged gender bias. The algorithm that directly controls 
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access to job opportunities is subject to one set of intense rules, while the algorithm that 
shapes the professional reputation, visibility, and network opportunities that lead to those 
jobs is subject to another, less stringent set. This creates a potential compliance gap where a 
platform could be fully compliant with the AI Act's requirements for its hiring tools while a 
systemic bias persists in its broader content ecosystem under the DSA. 

 

The Digital Services Act (DSA): The Primary Framework for the 
Content Feed 
 

The Digital Services Act is the most directly relevant and powerful EU regulation for 
addressing potential bias in LinkedIn's main content feed. Its provisions are specifically 
designed to increase the transparency and accountability of recommender systems operated 
by the largest online platforms. 

 

LinkedIn's Status as a VLOP 

 

The DSA designates platforms with over 45 million monthly active users in the EU as "Very 
Large Online Platforms" (VLOPs), subjecting them to the Act's most stringent obligations.6 
LinkedIn has been officially designated as a VLOP, confirming that it falls under this highest 
tier of regulatory scrutiny.6 This status is the legal trigger for the specific duties related to 
recommender systems and systemic risk management. 

 

Obligations for Recommender Systems 

 

The DSA imposes several key duties on VLOPs concerning their recommender systems, which 
directly address the concerns raised by the alleged gender bias. 

●​ Transparency of Parameters (Article 27): Under Article 27, LinkedIn is legally required 
to set out in its terms and conditions, in "plain and intelligible language," the "main 
parameters" its recommender system uses to prioritize and display content. This 
disclosure must include, at a minimum, "the criteria which are most significant in 
determining the information suggested" and "the reasons for the relative importance of 
those parameters".7 This provision creates a direct legal hook for users and regulators to 
demand clarity on the specific factors—such as topic, engagement type, or user 
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authority—that cause certain posts to be amplified while others are suppressed. It moves 
the functioning of the algorithm from a "black box" to a system whose core logic must be 
explained. 

●​ Non-Profiling Option (Article 38): Article 38 mandates that VLOPs must provide users 
with at least one recommender system option that is not based on "profiling" as defined 
under the GDPR.6 This gives users the ability to opt for a feed, such as a purely 
chronological one, that is not personalized based on their inferred interests or behavior. 
While this provides an alternative, it does not absolve the platform of its responsibility to 
ensure the primary, algorithmically-curated feed is fair and non-discriminatory. 

 

Systemic Risk Assessment (The Crucial Link to Bias) 

 

The most potent tool within the DSA for tackling this issue is the obligation under Articles 34 
and 35 for VLOPs to conduct comprehensive, annual risk assessments. These assessments 
must identify, analyze, and evaluate any "systemic risks" stemming from the design and 
functioning of their services, including their recommender systems.6 

Crucially, the DSA explicitly defines systemic risks to include negative effects on "fundamental 
rights," with a specific mention of the risk of discrimination. It also lists risks related to 
"gender-based violence" as a key area of concern.6 The allegation of an algorithmic 
suppression of women's voices falls squarely within this definition of a systemic risk to 
fundamental rights and equality. 

Upon identifying such a risk, LinkedIn is legally obligated to put in place "reasonable, 
proportionate and effective mitigation measures." The DSA specifies that these measures 
could include "adapting the design or functioning of their services or changing their 
recommender systems".6 This creates a clear regulatory pathway for the European 
Commission or national Digital Services Coordinators to investigate claims of gender bias and, 
if the risk is substantiated, to compel LinkedIn to make concrete changes to its algorithm to 
mitigate the discriminatory impact. 

 

The EU AI Act: A Targeted Framework for High-Risk Hiring Tools 
 

While the DSA governs the content feed, the EU AI Act applies a different and more intensive 
regulatory logic to another critical part of LinkedIn's business: its professional recruitment and 
talent solutions products. 
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High-Risk Classification System 

 

The AI Act establishes a risk-based framework, categorizing AI systems into unacceptable, 
high, limited, and minimal risk tiers, with obligations scaling according to the level of risk.9 
General-purpose recommender systems, such as a social media newsfeed, are not 
automatically classified as high-risk.18 Instead, they fall under the "limited risk" category, 
which primarily entails transparency obligations, such as informing users they are interacting 
with an AI system.9 

 

LinkedIn Recruiter as a High-Risk System 

 

The AI Act's Annex III provides a specific list of use cases that are always considered high-risk 
due to their potential to adversely impact fundamental rights or safety. Point 4 of this Annex 
explicitly lists "AI systems intended to be used for recruitment or selection of natural persons," 
particularly for "placing targeted job advertisements, analysing and filtering job applications, 
and evaluating candidates".9 

This definition directly covers the functionality of products like LinkedIn Recruiter and other 
talent-sourcing tools that use AI to sort, rank, and recommend candidates to employers. 
Therefore, these specific systems on the LinkedIn platform are subject to the full, rigorous 
compliance regime of the AI Act for high-risk systems. 

 

Obligations and "Proxy Bias" 

 

Although the AI Act does not contain a formal definition of "proxy bias," its stringent 
requirements for high-risk systems are fundamentally designed to prevent such forms of 
indirect discrimination. To be lawfully placed on the EU market, a high-risk system like 
LinkedIn Recruiter must demonstrate compliance with several key obligations: 

●​ Data and Data Governance (Article 10): The Act requires that the training, validation, 
and testing datasets used to build the AI are of high quality. They must be "relevant, 
representative, free of errors and complete," and must be subject to appropriate data 
governance and management practices to prevent and mitigate biases that are "likely to 
affect the health and safety of persons or lead to discrimination".9 This directly compels 
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developers to analyze their data for hidden correlations between neutral features and 
protected characteristics. 

●​ Human Oversight (Article 14): High-risk systems must be designed to be effectively 
overseen by humans. This includes providing deployers with the ability to understand the 
system's capabilities and limitations and to correctly interpret its output, as well as the 
ability to intervene or disregard the system's decision.9 

●​ Risk Management System (Article 9): Providers must establish a continuous risk 
management system throughout the AI system's entire lifecycle to identify, estimate, and 
evaluate risks to fundamental rights and take appropriate mitigation measures.13 

These obligations collectively force developers to move beyond "fairness through 
unawareness" and to proactively audit their systems for discriminatory outcomes, regardless 
of intent. The focus on the quality of datasets and the management of risks related to 
fundamental rights makes addressing proxy bias a core compliance requirement for any of 
LinkedIn's AI-powered recruitment tools. 

 

Table 1: EU Regulatory Frameworks for LinkedIn's Algorithmic Systems 
 

LinkedIn Feature Applicable 
Regulation 

System 
Classification 

Key Obligations 
re: Bias 

Newsfeed/Content 
Recommender 
System 

Digital Services Act 
(DSA) 

Recommender 
System of a Very 
Large Online 
Platform (VLOP) 

Transparency of 
parameters; Annual 
assessment and 
mitigation of 
systemic risks (incl. 
discrimination); 
Option for 
non-profiled feed. 

LinkedIn Recruiter 
& Talent Solutions 

EU AI Act High-Risk AI 
System (Annex III) 

Ex-ante conformity 
assessment; 
High-quality, 
non-discriminatory 
datasets; Risk 
management 
system; Human 
oversight. 
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The United Kingdom Legal Framework: The Primacy of 
the Equality Act 
 

While the United Kingdom is no longer part of the EU's digital regulatory bloc, its domestic 
legal framework provides a powerful and immediately applicable tool for addressing claims of 
algorithmic gender bias. Unlike the EU's approach of creating new, technology-specific 
legislation, the UK relies on the application of its existing, principles-based equality law. The 
Equality Act 2010 is technologically neutral, meaning its prohibitions on discrimination apply 
with equal force to decisions made by humans and those made or influenced by algorithms. 
This focus on discriminatory outcomes, rather than technical mechanisms or intent, makes the 
Act a surprisingly robust instrument for challenging algorithmic bias. The legal concept of 
"indirect discrimination" within the Act serves as a direct and effective analogue to the 
technical concept of "proxy bias," obviating the need for new, AI-specific definitions. 

 

The Equality Act 2010: Prohibiting Indirect Discrimination 
 

The Equality Act 2010 consolidates and strengthens previous anti-discrimination laws, legally 
protecting people from discrimination in the workplace and in wider society based on nine 
"protected characteristics," which include sex.11 Guidance from key UK regulators, including 
the Information Commissioner's Office (ICO) and the Equality and Human Rights Commission 
(EHRC), explicitly confirms that these protections extend to discrimination generated by 
automated or AI-driven systems.13 An organization cannot absolve itself of its equality duties 
simply by delegating a decision-making function to an algorithm. 

 

Indirect Discrimination as the Legal Analogue to Proxy Bias 

 

The most relevant provision of the Act for the LinkedIn case is the prohibition on indirect 
discrimination (Section 19). Indirect discrimination occurs when an organization applies a 
"provision, criterion, or practice" (PCP) to everyone, but that PCP puts people who share a 
protected characteristic at a particular disadvantage compared to those who do not. If such a 
disadvantage is established, the PCP is unlawful unless the organization can demonstrate that 
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it is a "proportionate means of achieving a legitimate aim".12 

This legal test maps directly onto the scenario of algorithmic bias on LinkedIn: 

●​ The "Provision, Criterion, or Practice" (PCP): The algorithm that curates the LinkedIn 
content feed is a PCP. It is a set of criteria and practices applied universally to all content 
posted on the platform. 

●​ The "Particular Disadvantage": The allegation is that this PCP puts women (a group 
sharing the protected characteristic of sex) at a particular disadvantage by systematically 
reducing the reach of their content compared to that of men. Proving this disadvantage 
at scale would be the primary evidentiary challenge for a claimant. 

●​ The "Legitimate Aim" and "Proportionality": If a disparate impact were proven, the 
legal burden would shift to LinkedIn. The company would need to argue that its 
algorithm's design serves a legitimate aim (e.g., "maximizing user engagement with 
relevant professional content"). It would then have to prove that the specific way its 
algorithm operates is a proportionate means of achieving that aim—meaning the 
discriminatory impact is justified by the importance of the aim and that no less 
discriminatory means of achieving it were reasonably available. 

This legal structure means that a claimant does not need to prove why the algorithm is biased 
or that LinkedIn intended to discriminate. The focus is entirely on the disparate outcome. 

 

Guidance from Regulators 

 

The applicability of the Equality Act to AI has been reinforced by guidance from the UK's 
primary data and human rights regulators. 

●​ The Information Commissioner's Office (ICO), in its guidance on AI and data 
protection, explicitly addresses the issue of proxies. It warns that "fairness through 
unawareness"—the practice of simply removing a protected characteristic like gender 
from a dataset—is often ineffective. The ICO notes that other features, or "proxy 
variables," can be "closely correlated with protected characteristics in non-obvious 
ways," allowing a model to reproduce discriminatory patterns.13 This regulatory 
acknowledgment directly supports the technical theory of proxy bias as the underlying 
cause. 

●​ The Equality and Human Rights Commission (EHRC) has identified "challenging 
discrimination in relation to artificial intelligence" as a core strategic priority.15 The EHRC 
is actively developing guidance on how the Equality Act applies to automated 
decision-making and has begun monitoring the use of AI in the public sector to guard 
against biased outcomes.14 The EHRC's focus on identifying and challenging 
discriminatory outcomes from AI systems, regardless of their technical complexity, 
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underscores the strength and relevance of an indirect discrimination claim under the 
Equality Act 2010. 

 

The Technical Mechanism: Unpacking Proxy Bias 
 

The plausibility of the gender bias claim does not rest on the assumption that LinkedIn's 
engineers have explicitly coded the algorithm to suppress content from female users. Such 
direct discrimination is not only legally perilous but also technically unsophisticated. A far 
more probable and insidious mechanism is algorithmic proxy bias. This section moves from 
the legal frameworks to the technical underpinnings, explaining how an algorithm with no 
explicit knowledge of a user's gender can nevertheless produce systematically gender-biased 
outcomes. The central thesis is that the algorithm is not biased against women per se, but is 
instead biased toward a narrow and historically gendered definition of what constitutes 
"valuable professional content." 

The algorithm's primary directive is to optimize for user engagement by surfacing what it 
predicts will be the most "relevant professional advice and expertise".1 If the historical data 
used to train this algorithm reflects a professional world where authoritative content on topics 
like technology and finance was predominantly created by men using assertive, "agentic" 
language, the algorithm will learn to equate these features with quality and relevance. 
Consequently, it will amplify content that matches this learned pattern and down-rank content 
that deviates from it. This may disproportionately include content from women who discuss 
different topics (such as DEI or workplace culture), use a different linguistic style, or exhibit 
different online behavioral patterns. The bias is not in a single line of code, but is emergent 
from the model's learned, and fundamentally skewed, worldview. 

 

Defining Algorithmic Proxy Bias 
 

In the context of machine learning, proxy bias—also referred to as indirect discrimination in 
legal literature—is a well-documented phenomenon. It occurs when an AI model uses one or 
more seemingly neutral input features as a stand-in, or "proxy," for a protected attribute like 
race or gender.22 Because these neutral features are highly correlated with the protected 
attribute in the training data, the model learns to make predictions that have a disparate 
impact on the protected group, even though the protected attribute itself was never explicitly 
used.22 
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For example, an algorithm designed to predict loan defaults might learn that postal code is a 
strong predictor. If historical lending patterns have led to residential segregation, the postal 
code can function as a highly effective proxy for race, leading the algorithm to produce 
racially discriminatory outcomes without ever "knowing" the race of the applicant.23 The use 
of such an "inapt proxy" leads to what is known as label bias, where the proxy is effectively 
mislabeled as the truth.22 

 

Topic, Language, and Style as Plausible Gender Proxies on LinkedIn 
 

In the context of the LinkedIn feed, several features of a user's post and profile could function 
as proxies for gender, leading to differential amplification. 

 

Topic Bias 

 

The hypothesis that the algorithm favors certain topics over others is a strong candidate for a 
source of proxy bias. LinkedIn's algorithm has faced criticism for allegedly suppressing 
content related to sensitive or "less palatable" professional narratives, such as sexism, 
harassment, or critiques of corporate culture.2 If the algorithm is optimized to promote 
positive, aspirational, and mainstream business content—favoring topics like sales strategy, 
technological innovation, or leadership maxims—it may inadvertently penalize discussions on 
systemic issues like DEI, workplace well-being, and gender equity. To the extent that women 
initiate and participate in these latter conversations more frequently, a topic-based weighting 
system would function as a powerful proxy for gender, systematically reducing the reach of 
their content. 

 

Language and Style Bias 

 

A substantial body of research demonstrates that language in professional settings is often 
heavily gendered. One study analyzing over 1,000 LinkedIn recommendations found that men 
were more likely to be described with "agentic" terms (assertive, competitive, 
leadership-oriented), while women were more likely to be described with "communal" terms 
(warm, empathetic, supportive).3 This pattern is also observed in formal letters of 
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recommendation and performance reviews.2 

If LinkedIn's algorithm has been trained to identify "expert" or "authoritative" content based 
on linguistic patterns found in historical data, it may have learned to associate agentic 
language with higher quality. An algorithm trained in this way would assign a lower relevance 
score to posts written in a more communal, collaborative, or personal style, even if the 
underlying professional insight is of equal or greater value. This linguistic preference would 
act as a subtle yet powerful proxy for gender, disadvantaging users whose communication 
style does not conform to the learned "authoritative" pattern. 

 

Behavioral Bias 

 

Beyond the content itself, the algorithm may also be biased based on patterns of user 
behavior. A landmark 2024 study published in PNAS Nexus analyzed user activity on the 
platforms GitHub (male-dominated) and Behance (more gender-balanced). The researchers 
developed a model to classify user behavior on a spectrum from "male-typical" to 
"female-typical." Their striking finding was that the gender typicality of a user's behavior was 
the primary cause of disadvantage in attention, success, and platform survival, accounting for 
60% to 90% of the disparity between genders. Critically, both men and women were 
penalized for exhibiting highly "female-like" behavior.4 

This research provides strong evidence for a behavioral proxy bias. If a similar dynamic exists 
on LinkedIn, the algorithm may not be responding to a user's gender, but to a complex pattern 
of activity—such as the topics they post about, the way they interact in comments, the 
structure of their network, or the frequency of their posts—that is statistically correlated with 
gender. This would represent the most complex and difficult-to-detect form of proxy bias, but 
one that is consistent with the observed outcomes. 

 

Evidence, Platform Variables, and Corporate Response 
 

A comprehensive assessment of the gender bias claim requires a synthesis of all available 
evidence, from large-scale empirical studies to official corporate communications. This 
analysis reveals a complex and sometimes contradictory evidence base. However, a critical 
examination also uncovers a significant disparity in LinkedIn's transparency and demonstrated 
efforts to ensure fairness across its different algorithmic systems. The company has published 
detailed, peer-reviewed work on mitigating gender bias in its legally sensitive recruitment 
products, proving it possesses the technical capability to address the issue at scale. In stark 
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contrast, its public statements regarding the fairness of its main content feed have been 
general and lacking in technical substance. This "conspicuous silence" on content feed 
fairness, when juxtaposed with their proven expertise in the recruitment domain, is a 
significant finding in itself, suggesting that algorithmic fairness has not been applied with 
equal rigor across all parts of the platform. 

 

Empirical Evidence of Gender Bias on and Beyond LinkedIn 
 

While no large-scale academic study has definitively audited LinkedIn's content feed 
algorithm for gender bias in content amplification, a wide body of related research provides 
substantial circumstantial evidence. 

 

Table 2: Summary of Key Empirical Studies on Gender Bias in Professional 
Networks 

 

 

Study/Source 
(Year) 

Platform(s) 
Analyzed 

Focus Area Key Findings 
Regarding Gender 
Bias 

MIT via 3PlusInt 
(2024) 

LinkedIn Job 
Recommendations 

Men were 
historically 
matched with 
higher-paying 
leadership roles, 
while women were 
shown lower-level 
jobs.2 

Houalla (2023) LinkedIn Language in 
Recommendations 

Men are described 
with more "agentic" 
and managerial 
language; women 
receive more 
"communal" 
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descriptors.3 

PNAS Nexus (2024) GitHub, Behance Behavioral Patterns "Female-typical" 
online behavior was 
the primary cause 
of disadvantage for 
users of both 
genders, 
accounting for 
60–90% of the 
disparity.4 

Lambrecht & 
Tucker (2018) 

Facebook Ad Delivery STEM career ads 
were shown less to 
young women not 
due to algorithmic 
bias, but due to 
higher market costs 
to advertise to that 
demographic.26 

3PlusInt (2025) LinkedIn Content 
Amplification 

Cites anecdotal 
evidence that 
women's posts with 
selfies get 5x more 
traction, and posts 
with >500 
reactions get 17.3% 
more reactions 
than men's.2 

IntotheMinds 
(2024) 

LinkedIn Content 
Amplification 

In a study of 1,115 
"influencer" posts, 
young women 
(18-30) garnered 
significantly more 
reactions (likes and 
comments) than 
their male 
counterparts.27 
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Analysis of Evidence 

 

●​ Hiring and Search Bias: The evidence for historical bias in LinkedIn's 
recruitment-related algorithms is strong. The MIT study found that job recommendation 
algorithms perpetuated workplace inequalities by steering men and women toward 
different tiers of employment.2 Furthermore, a 2016 journalistic investigation revealed 
that LinkedIn's search function would prompt users searching for common female names 
with suggestions for similarly spelled male names, a behavior that was not reciprocated 
for male name searches. LinkedIn subsequently corrected this issue, attributing it to the 
algorithm learning from user search frequencies rather than gender itself.28 

●​ Content and Profile Factors: Multiple sources confirm that factors penalized by 
algorithms are more prevalent among female users. LinkedIn's own research shows that 
women's profiles tend to contain less information and 11% fewer listed skills on average in 
the U.S..2 Furthermore, women are 63.5% more likely to list a career break on their profile, 
a feature that has been shown to lower a candidate's relevance score in recruiter 
searches.2 These factors create a systemic headwind for women in terms of algorithmic 
visibility, even before content is considered. 

●​ Nuances in Content Amplification: The evidence on content amplification is more 
complex than the initial experiments suggest. While those tests indicated lower reach for 
women, other data points in the opposite direction. One analysis noted that women's 
posts featuring selfies receive five times more traction than male selfies, and that among 
highly successful posts (over 500 reactions), those authored by women receive 17.3% 
more reactions on average.2 Another study of over 1,000 "influencer" posts found that 
young women (18-30) in France received significantly more reactions, particularly 
comments, than their male counterparts.27 This does not necessarily contradict the 
“suppression" hypothesis but instead suggests a more nuanced and potentially 
problematic algorithm. It may point to a "visibility paradox," where content from women 
that is more personal or visual receives high social engagement, while their core 
professional insights are simultaneously down-ranked, failing to achieve the same 
professional amplification as content from men.4 

 

Official Statements and Mitigation Efforts by LinkedIn 
 

LinkedIn's public communications provide some insight into how its algorithms function, 
though with varying levels of detail and transparency. 
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The Content Feed Algorithm 

 

According to various sources citing LinkedIn's official explanations, the feed algorithm 
operates via a multi-stage process designed to surface relevant content and prevent virality of 
low-quality posts.1 

1.​ Quality Filtering: An initial automated scan classifies posts as spam, low-quality, or 
high-quality. Factors that can lead to down-ranking include excessive or irrelevant 
tagging, poor grammar, and posting too frequently.1 

2.​ Initial Engagement Testing: The post is shown to a small sample of the user's network. 
Strong engagement within the first hour (the "golden hour"), particularly in the form of 
meaningful comments, signals the algorithm to broaden the post's distribution to 
second- and third-degree connections.30 

3.​ Relevance Ranking: The algorithm then prioritizes content based on signals such as the 
viewer's past engagement history, their relationship to the poster, and the poster's 
perceived "domain expertise" or topic authority.1 Dwell time—how long a user spends 
viewing a post—is also a key metric.17 

Recent updates reportedly prioritize "knowledge and advice" and aim to reduce 
engagement-baiting tactics like polls and posts that explicitly ask for likes or reactions.1 

 

Addressing Bias 

 

LinkedIn's most substantive public work on algorithmic fairness is a 2019 academic paper 
authored by its own researchers, titled "Fairness-Aware Ranking in Search & Recommendation 
Systems".16 This paper details a sophisticated framework for measuring and mitigating bias to 
achieve a "desired distribution" over protected attributes like gender. The framework was 
successfully deployed to "100% of LinkedIn Recruiter users worldwide," resulting in a nearly 
three-fold increase in the number of search queries with representative results, without 
harming business metrics.16 

However, this impressive work applies specifically to the LinkedIn Recruiter product, a 
high-risk system under the EU AI Act. In contrast, the company's public statements about bias 
in the general content feed are far less concrete. In 2022, LinkedIn launched a "Mythbusting 
the Feed" series of blog posts and videos, which promised to address "How We Work to 
Address Bias".17 Reports on this series indicate that the content produced was high-level and 
focused on general principles of professionalism and authenticity, without providing the 
technical detail or measurable frameworks seen in the paper on recruiter fairness.17 This 
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disparity in transparency remains a critical gap in the company's public accountability on the 
issue. 

 

Analysis of Control Variables 
 

To ensure a rigorous analysis, it is necessary to rule out other potential factors that could 
explain the observed disparities in reach. 

 

Premium vs. Free Status 

 

The question of whether a paid LinkedIn Premium subscription boosts the organic reach of a 
user's posts is a common one. The research for this report definitively concludes that it does 
not. Multiple independent analyses and industry guides state unequivocally that Premium 
status has no impact on algorithmic reach.34 The benefits of a Premium account are related 
to enhanced features and tools, such as seeing who viewed your profile, advanced search 
filters, and InMail credits for direct messaging.34 The algorithm that ranks organic content in 
the feed treats posts from free and Premium users equally. Therefore, the subscription status 
of the participants in the anecdotal experiments can be confidently dismissed as a causal 
factor in the observed reach disparities. 

 

Synthesis and Conclusive Assessment 
 

This report has conducted a multi-dimensional analysis of the claim of systemic gender bias 
in content amplification on the LinkedIn platform. By integrating the legal, technical, and 
empirical evidence, a coherent and nuanced picture emerges. The findings provide direct 
answers to the core questions posed in the initial research brief regarding the plausibility of 
the claim, the applicable legal frameworks, and the most likely underlying mechanism. 

 

Plausibility Assessment 
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The central conclusion of this analysis is that the claim of an algorithmic suppression of 
women's voices on LinkedIn is highly plausible. The evidence does not point toward direct or 
intentional discrimination, where the algorithm is explicitly coded to penalize female users. 
Rather, the plausibility rests on the strong likelihood of systemic proxy bias. 

The algorithm, in its mandate to optimize for "professional relevance," appears to have 
learned a narrow and historically male-centric definition of that concept. This learned model 
inadvertently creates a disparate negative impact on the reach of content from women that 
deviates from this pattern. The mechanism is not a single point of failure but a confluence of 
biases learned from data reflecting societal inequities. The algorithm may systematically favor 
certain topics (e.g., tech, finance), language styles (e.g., "agentic" phrasing), and career 
trajectories (e.g., uninterrupted corporate paths) that are historically more associated with 
male professionals. In doing so, it may simultaneously down-rank content that is equally 
valuable but does not fit this learned mold, including discussions on DEI, workplace culture, 
and content using more collaborative or personal language. The anecdotal experiments, while 
not scientific proof, serve as compelling illustrations of the potential real-world outcomes of 
such a systemic bias. 

 

Applicable Legal Frameworks 
 

The regulatory landscape in Europe provides distinct but powerful avenues for addressing this 
issue, with different laws applying to different parts of LinkedIn's service. 

●​ Most Directly Applicable (Content Feed): The EU Digital Services Act (DSA) is the 
primary and most potent regulatory tool for addressing bias in the main content feed. As 
a VLOP, LinkedIn's legal obligation to conduct annual assessments and mitigate systemic 
risks to fundamental rights, including discrimination, provides the strongest basis for 
regulatory action. The DSA empowers the European Commission to compel LinkedIn to 
investigate these claims and, if substantiated, to modify its recommender system to 
remedy the discriminatory impact. 

●​ Most Directly Applicable (UK Users): For users in the United Kingdom, the UK Equality 
Act 2010 is the most direct legal instrument. A claim of indirect discrimination based on 
the protected characteristic of sex could be brought against LinkedIn. While such a case 
would face a significant evidentiary burden to demonstrate the disparate impact at a 
population level, the Act's technology-neutral focus on outcomes makes it a powerful 
framework that does not require proving intent or the specific technical mechanism of 
the bias. 

●​ Applicable to a Different Domain (Hiring): The EU AI Act is a critical piece of 
legislation but its direct application is limited to LinkedIn's recruitment and 
talent-sourcing tools, which are classified as "high-risk." It does not apply to the general 
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content feed. However, the Act's stringent requirements for fairness, transparency, and 
data quality in the hiring context set an important legal and ethical benchmark. It 
establishes a standard of care for algorithmic fairness that can be used to argue what 
should be expected of other, less-regulated systems on the same platform. 

 

The Most Likely Mechanism 
 

The most probable technical mechanism driving the observed disparities is proxy bias. The 
algorithm is likely not penalizing users based on a "gender" data field. Instead, it is making its 
ranking decisions based on a constellation of other features that are correlated with gender in 
its training data. 

The evidence points to a multi-faceted proxy model where the algorithm has learned to 
associate "high-quality professional content" with a set of features that are historically more 
prevalent in content produced by men. These proxies likely include: 

●​ Content Topic: Rewarding traditional business and technology topics. 
●​ Linguistic Style: Favoring assertive and "agentic" language. 
●​ Profile Data: Penalizing career gaps, which are more common among women. 
●​ Behavioral Patterns: Rewarding specific patterns of online interaction that may be more 

typical of male users. 

In conclusion, while a definitive verdict would require a full, independent audit of LinkedIn's 
proprietary systems and data, the available evidence strongly supports the plausibility of the 
claim. The convergence of anecdotal observations, the technical understanding of proxy bias, 
the body of academic research on gendered patterns online, and the clear applicability of 
powerful EU and UK legal frameworks creates a compelling case that the algorithmic 
suppression of women's voices is a real and addressable issue. 
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