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ABSTRACT

Moderating online content is essential to ensure that digital communication is safe and en-
joyable. Although automation is necessary to manage the substantial volume of content on 
large digital platforms, human expertise is deemed indispensable in decision-making pro-
cesses, as well as in the design, training, and implementation of automated solutions. The 
“human-in-the-loop” (Hilo) concept is a key approach to integrating humans into (semi-) 
automated decision-making systems. However, its definition and implementation vary con-
siderably across academic disciplines. Furthermore, the factors influencing the quality of 
such hybrid decision-making processes are not sufficiently well understood. This integrative 
literature review builds on previous conceptual work and identifies 14 factors that influence 
meaningful human involvement in (semi-)automated decision-making in content modera-
tion. The findings provide an empirically grounded basis for evaluating existing and planned 
Hilo implementations. They will also support the design of socio-technical systems in which 
humans improve automated decision-making and will inform discussions on effective Hilo 
requirements. To this end, the review offers actionable insights to help platforms and policy-
makers enhance human–machine collaboration and decision-making quality.
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1 Introduction
Moderating the content published on online platforms has become a necessity to ensure the 
safe and enjoyable usage of these services. Although harmful content existed long before the 
internet took over the majority of social communication, the “ease, speed and anonymity” of 
online content sharing has boosted its distribution (Langvardt, 2017). Technological support 
for human moderators has thus become necessary, and the sheer quantity of content posted 
on large social media platforms has made computer-driven assistance necessary from the 
very beginning (Bruckman et al., 1994; Dibbell, 1994). 

Since the rise of social media in the 2010s, the scale of content has constantly increased, 
alongside the demand for more reliable software solutions facilitating the handling of mil-
lions of posts per day. Although recent content moderation approaches have relied heavily 
on automating the moderation process, human expertise remains crucial. Humans are cur-
rently involved by making (a fraction of the) final decisions, as well as designing, training, and 
implementing automated solutions (Ruckenstein & Turunen, 2019). 

Regulators require that “a human” be integrated into decision loops, as stated, for instance, in 
Art. 22 of the General Data Protection Regulation (GDPR), Art. 14 of the Artificial Intelligence 
Act (AIA), or Art. 20, para. 6 of the Digital Services Act (DSA). Further, Art. 16, para. 6 of the DSA 
requires platforms to process user notices regarding content that is potentially illegal or vi-
olates platforms’ terms of service “in a timely, diligent, non-arbitrary and objective manner.” 
To make a diligent decision, human involvement is deemed necessary. 

In this regard, the “human-in-the-loop” (Hilo1) concept has become increasingly important 
to ensure human control in automated systems, especially in automated decision-making 
(ADM) and artificial intelligence (AI) systems (Crootof et al., 2023). However, there is no widely 
accepted, cross-disciplinary definition of this concept. In computer science, the term usually 
refers to human involvement in the development and training of AI systems, with the aim of 
improving their accuracy (Chen et al., 2023). In contrast, regulatory perspectives emphasize 
human intervention during the operation of deployed decision-making systems, although 
full-cycle involvement is often considered impractical (Binns, 2022; Enarsson et al., 2021). 
However, neither approach is comprehensive because they both fail to capture human impact 
throughout socio-technical systems. Building on previous conceptual work, a proposed defi-
nition of the term (see Stenzel et al., forthcoming), and findings from ongoing research,2 the 
Hilo concept is understood to encompass the roles, relationships, and procedures involved 
in a (semi-)automated decision-making process. The goal of human involvement is to inte-
grate human judgment and critical review effectively throughout the entire system life-cycle, 

1	 Unlike the established abbreviation “HITL” used in other disciplines, the abbreviation “Hilo” is used here to avoid confusion 
because of the conceptual differences with other established terms.

2	 The study design includes field analyses, workshops, and dialogue formats in four scenarios to address the research question 
comparatively in different organizational and regulatory contexts. The four case studies deal with automation in lending,  
content moderation, aviation, and prosecution.
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meaningfully intervening where necessary to improve decision-making quality. In this re-
gard, a decision could be considered high quality if it aligns with human and moral reasoning 
while remaining consistent with norms and the prevailing legal framework (Santonio de Sio 
& van den Hoven, 2018). Furthermore, the absence of arbitrariness, the reliance on rational 
argumentation, and the anchoring of decisions in “well-founded general ideas of justice of the 
community” (Federal Constitutional Court of Germany, 1973) are regarded as key elements of 
decision quality. A comprehensive operationalization of decision quality in content moder-
ation processes is beyond the scope of this paper because the criteria for assessing decision 
quality must be tailored to the circumstances of each decision-making process and cannot be 
broadly generalized. However, proxies for the empirical assessment of decision quality may 
include consistency rates across comparable cases, rates of appeal and override in human-re-
view stages, and compliance audit outcomes against applicable legal standards.

Although there is consensus that humans can make a meaningful difference in co-deci-
sionary architectures, it remains unclear how these individuals can fulfill their roles and 
obligations effectively and adequately (Kaminski & Price, 2023; Sheridan, 1995). More broad-
ly, an empirical understanding of the real-world conditions and factors that influence de-
cision-making processes in such hybrid systems is still lacking. Specifically in the field of 
content moderation, there is no comprehensive overview of the factors that contribute to 
meaningful human involvement. Therefore, this integrative literature review aims to identify 
and synthesize factors that influence the quality of human–machine decision-making in the 
context of content moderation. These factors can be used to evaluate the meaningful impact 
of existing or planned Hilo implementations on the decision-making process, as well as in 
the regulatory discourse to determine qualitative Hilo requirements. 

2 Method for the Integrative Literature Review

2.1	 Study Design

To identify the factors influencing the decision quality of content-moderation processes, we 
adapted integrative literature review approaches to our research objectives to aggregate, crit-
ically assess, and synthesize influencing factors in the field of interest (Snyder, 2019; Torraco, 
2005). Based on a defined search string (see Table 1) and theoretically informed selection cri-
teria, we followed an iterative process of extracting aspects that influence decision quality, an-
alyzing their impact, clustering them into factors on a comparable level of abstraction where 
possible, and summarizing each factor’s effect within the socio-technical system in focus.
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2.2	 Inclusion Criteria and Search Strategy

To minimize conflicting information and develop a sufficient understanding of the practical 
process at an adequate level of abstraction, the scope of the review was limited to specific 
contexts in the realm of content moderation. We decided to focus on content moderation 
on major platforms, within the meaning of Art. 3 (i), 33 para. 1 of the DSA, without any geo-
graphical or cultural limitations on our literature selection. To account for the limitations 
of singular search tools and their specific algorithms, we used the following search tools to 
aggregate relevant literature: Google Scholar, Primo Central (a library licensed by the Uni-
versity of Liverpool), and StabiKat (an alternative library discovery service used by public 
libraries in Berlin, Germany). The selection of databases was primarily due to the transdis-
ciplinary, socio-technical lens of the research question. Disciplinary databases could have 
returned more results, but they might also have introduced disciplinary biases. For each of 
these search tools, the formal inclusion criteria detailed in Table 1 were applied.

Table 1: Search criteria

Category Selection criterion Qualification

Content Moderation of (written,  
audio-visual) content on 
(very large) online platforms

The full search string was constructed 
as follows:

((“content moderation” OR “content 
moderator*” OR “platform moderation” 
OR “platform moderator*” OR “online 
moderation” OR “online moderator*”) 
AND  (“human-in-the-loop” OR  
“human in the loop” OR HITL OR HCI 
OR “human machine interaction” OR 
“human-machine-interaction” OR 
“human machine collaboration” OR 
“human-machine-collaboration” OR 
“human computer interaction” OR  
“human-computer-interaction” OR 
“human AI interaction” OR  
“human-AI-interaction” OR “human AI 
collaboration” OR “human-AI- 
collaboration” OR “decision making” 
OR “decision-making” OR judgment 
OR AI OR “artificial intelligence” OR 
“LLM” OR “large language model*” OR 
“human* impact” OR “human cost” OR 
“human oversight” OR “human  
supervision” OR pitfall* OR limitation* 
OR problem*))
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Category Selection criterion Qualification

Discipline Not restricted explicitly There were only implicit limitations 
due to the keywords included in the 
search string.

Publication year 2017–present Necessity of recent literature due to 
substantial changes in the past 8+ 
years, particularly after US-election 
interference allegations in 2016 
(François & Douek, 2021; Kumar, 2019). 
Additionally, the introduction of trans-
former architectures in 2017 advanced 
technological capabilities in content 
moderation (Kapoor, 2025).

Methods Not restricted explicitly Both qualitative and quantitative  
studies were considered.

Publication format Not restricted explicitly All written publications returned by 
the search tools were considered.

Language German, English Limited by the authors’ language abil-
ities.

Country/region Worldwide Influencing factors are not inherently 
region-specific and considering mod-
eration practices in a variety of coun-
tries is crucial in this heavily globalized 
economy.

Sorting logic By relevance, as defined by 
the search tool catalogues

Although this criterion depends on 
opaque sorting algorithms unique to 
the specific search tool, we deemed 
the general logic of relevance-sorting 
necessary to not miss important con-
tributions and sacrifice either recent 
or impactful insights. 

We used a structured search string for each search tool, which combined two thematic cate-
gories: one addressing the theme of content moderation (including variations), and the other 
covering the themes of human–computer interaction and decision-making (including vari-
ations). The breadth of this string was necessary due to the exploratory nature of the review. 
A preliminary screening prevented the inclusion of unfitting material.
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2.3	 Selection Process

Applying the search criteria listed above, we independently scanned through the first 50 list-
ings (20 in the case of StabiKat) and selected publications based on their titles and abstracts, 
reviewing only those that appeared to fit our inclusion criteria. The scope of 50 (or 20) listings 
for more elaborate screening was determined to be sufficient based on a preliminary scan 
for criteria fit, which resulted in low confidence in relevant entries after said amount. Addi-
tionally, we analyzed an existing database of relevant literature that we had aggregated in the 
context of the overall research project. We then scanned the selection of 57 materials and ex-
cluded seven from our review due to a lack of information on influencing factors, leaving 50 
publications for in-depth review and analysis. Figure 1 visualizes the process of identifying, 
screening, and reviewing materials.

Figure 1: Representation of our methodological approach
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2.4	 Data Extraction and Analysis

The synthesis of influencing factors from the extracted data followed an iterative review pro-
cess involving multiple researchers before any factor was determined relevant and defined. 
The initial review was performed independently by multiple researchers, who extracted from 
the selected publications descriptions of aspects that either explicitly or implicitly influence 
the decision-making process. Saturation was evaluated and jointly considered sufficient 
because literature towards the tail section of the material reinforced previously surfaced 
aspects instead of introducing substantially novel elements. This also strengthened our 
confidence in the initial scoping of screened listings. These structured notes were then cat-
egorized, resulting in preliminary factors. For each entry, this step was done by a researcher 
who did not conduct the initial review of that particular material. After categorization, the 
structured notes were iteratively discussed in multiple sessions by all involved researchers, 
who have diverse academic backgrounds. Disagreements on factor definitions and catego-
rizations were resolved qualitatively based on the coherence of the overall factor structure, 
the strength of support from the literature, and the logic of a factor’s dynamics. This rigorous 
revision process produced a preliminary set of cohesive influencing factors, followed by a 
second step of aligning all constructed factors on a comparable level of abstraction.

3 �Factors Influencing Decision-Making Quality in 
Content Moderation

The integrative literature review produced 14 influencing factors. Each factor describes func-
tional dynamics and mechanisms on the external, human, organizational, or system level 
that affects decision quality, although the categorizations often are blurry. Importantly, the 
factors are not static or unchangeable but are characterized by a range of possible expres-
sions and varying degrees of adjustability. In practice, there are set expressions of the factors 
within a socio-technical system that culminate in a certain decision quality. The mixing con-
sole in Figure 2 serves as a metaphorical illustration of their core logic of adjustment and in-
terplay, which results in overall decision quality. Importantly, this is an oversimplification of 
the mechanisms at play, particularly in regard to binary dimensions, completeness, or causal 
implications. Additionally, the centering of the controls does not suggest the optimal setting 
but is meant to improve readability. Overall, the figure illustrates the interwovenness of the 
influencing factors discussed in more detail below.
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Figure 2: An overview and metaphorical illustration of the influencing factors
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3.1	 Content-to-Moderator Ratio

The content-to-moderator ratio indicates the volume of content a moderator must process 
within a specified timeframe, thus reflecting each moderator’s quantitative workload. An ex-
cessively high content-to-moderator ratio means that moderators may experience mental 
and physical exhaustion [21, 34, 19, 37, 15, 12, 3, 50],3 while users may be exposed to more 
guideline-violating or illegal content, causing dissatisfaction [21]. Although hiring more 
moderators can lower this rate, it inevitably increases platform costs [25, 19, 15]. 

Because large platforms generate more content than humans alone can moderate, automat-
ed systems are increasingly used to lower the content-to-moderator ratio. Therefore, plat-
forms increasingly depend on advancing AI systems. Critics note that AI implementation 
requires significant resources [7] and, being prone to errors in contextual understanding, 
still necessitates human oversight to ensure safe, high-quality moderation [18, 27]. There is 
also concern that human understanding of speech offenses and communication norms may 
eventually adapt to AI interpretations [4].

Some argue that, given the psychological toll of moderation, increased automation may be 
the only morally acceptable solution [7, 36]. Yet, as automation retains limitations, a sustain-
able, employee-friendly content-to-moderator ratio requires a balanced division of labor 
between humans and machines. To ensure high-quality decision-making within a platform’s 
resources, it is crucial to determine which content can be delegated to machines and which 
requires humans to meet regulations and platform standards. When the content-to-mod-
erator-ratio is tenable through the tailored delegation of work to machines, moderators are 
more willing to work, particularly in voluntary content moderation (VCM), and view their 
work as healthier and more efficient [12].

3.2	 Psychosocial Conditions of Employment

Structural factors and working conditions affect the qualitative workload of human moder-
ators, with physical, emotional, relational, and financial consequences [36]. These can be di-
vided into structural conditions and psychological strain, both of which affect the quality of 
moderation and decision-making.

Structurally, moderators often find themselves in precarious situations involving low pay 
[34, 15,2], performance-based salaries and unpaid leave [34], short-term contracts [34], a 
lack of overall job security [2], and limited remote working options, even during the COVID-19 
pandemic [19].

3	 The numbers in square brackets refer to the index of papers analyzed as part of the literature review (see Annex). Additional 
references in parentheses in this section are included to provide clarification or context for the individual factors and to support 
understanding, but they do not contribute directly to the core analytical framework of the review.
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Psychologically, access to support varies. While some technical systems, such as the automatic 
pixelation of disturbing content, may reduce mental strain [47, 3], in-house psychological sup-
port is often unavailable [34]. Furthermore, health plans offered by the platforms rarely cover ex-
ternal therapy (Equidem, 2025). A lack of support can lead to mental exhaustion [15, 33, 2, 36, 13, 3, 
42, 50], manifesting as symptoms such as insomnia, substance dependence, weight loss, anxiety, 
decision fatigue, depression, panic attacks, and suicidal thoughts [3, 42], as well as post-trau-
matic stress disorder and empathy fatigue. This can affect both personal life and work [3].

It has been suggested that the availability of support from the moderation team may improve 
the quality of moderation [35, 14]. However, opportunities for interpersonal exchange among 
moderators vary depending on the platform and moderation service provider. Some work 
alone, with limited contact with colleagues or supervisors [34], while others work in open-
plan offices and language-based teams [19]. Nevertheless, confidentiality agreements can 
foster a “culture of silence,” restricting discussions about work-related stress and hindering 
the relief of psychological strain [42].

3.3	 Quality of Moderation Guidelines

High-quality moderation guidelines are essential to ensure the consistent and reliable enforce-
ment of rules by moderation staff. They also give moderators confidence in their decisions [33]. 
Moderation guidelines encompass a range of materials, from general platform rules to detailed 
manuals with case-specific instructions. For instance, a broad rule such as “Spam, fraud, and 
other deceptive practices that mislead the platform community are not permitted on this plat-
form”4 can be supplemented by specific examples or criteria to guide interpretation. 

The level of detail is crucial to the quality of moderation guidelines [21, 13]. A balance between 
abstraction and specificity is needed because abstraction allows adaptability to new cases, 
while specificity enables clearer classification. However, overly abstract guidelines can make 
moderation tedious [21], lead to inconsistent rule enforcement [30], or even encourage mod-
erators to bend the rules for personal gain, particularly in VCM [21].

Beyond abstraction, other factors influence guideline quality. Their scope should align with 
the specific features of the platform and subsequent moderation requirements [33] while 
also reflecting diverse cultural contexts [41, 13]. However, there can be no “one-size-fits-all” 
solution for context-dependent cases. Involving affected groups can help address evolving 
forms of harmful speech [41]. Although consistency is important, moderation guidelines 
must remain flexible enough to address new content phenomena [7]. Also, the process, fre-
quency, and the individuals entrusted with revising moderation guidelines affect their over-
all quality. This is particularly important in VCM, as inexperienced volunteer moderators cre-
ate low-quality rules that ultimately lead to over-moderation [16]. 

4	 This example is based on the wording YouTube uses in its moderation guidelines regarding spam, deceptive practices, and scam 
policies (YouTube, 2025).
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3.4	 Decision Latitude

For moderators to fulfill a meaningful role, they need some amount of leeway in their de-
cision-making. In content moderation, this latitude is two-fold, as it concerns both inter-
preting flagged content and choosing suitable measures (e. g., deletion or shadow-banning). 
Without such leeway, moderators would merely be rubberstamping automated decisions.

Platforms facilitate unique communities characterized by their members’ values. Conse-
quently, if membership changes, values shift as well [21]. Moderation rules cannot be made 
specific enough for completely uniform application without becoming outdated quickly. Only 
through human-led discovering, testing, and reassertion of values can adequate rule-appli-
cation be achieved. For example, forbidding hate speech might be a universally applicable 
rule, but determining whether something constitutes hate speech requires carefully recon-
ciling the fundamental right to freedom of speech with the right not to be harmed [17, 7].

This leeway places significant responsibility on moderators, raising questions of qualifica-
tion, bias, and required cultural literacy. Interpretive freedom definitionally entails subjec-
tive preferences [28, 49]. For example, humans are prone to sympathize with users to whom 
they can relate more, which may cloud their judgment [35]. Further, having little time per 
decision increases doubts regarding the actual use of decision latitude, with moderators re-
porting having to decide on 700–1,000 cases per shift (Equidem, 2025). Still, some degree of 
latitude is unequivocally beneficial to decision quality given that the meanings of language 
and symbols constantly evolve.

3.5	 Implemented Feedback Mechanisms

The literature indicates that the existence and design of adequate feedback mechanisms can 
influence the quality of the content-moderation process. In terms of design, it is important 
to consider which employees are involved in the feedback process. If feedback is determined 
purely automatically, it must first be clarified whether the quality of the moderation guide-
lines can be assessed automatically. One source highlights that Reddit’s “Automod” help 
system does not provide information about how frequently a specific system rule leads to 
moderation. Consequently, moderators can only evaluate the effectiveness of a rule based 
on user feedback [16]. Conversely, if human moderators are given the opportunity to provide 
feedback, studies show that they can create their own moderation rules more quickly and 
accurately than AI systems can learn through reinforcement learning [22].
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3.6	 Cultural and Contextual Understanding Among Human Moderators

Human moderators play a crucial role in assessing content that automated systems cannot, 
particularly for context-sensitive posts. The quality of moderation depends on the moder-
ators’ contextual understanding and cultural literacy, as well as the time they are given to 
understand the context and their access to tools for researching unfamiliar contexts. 

Crucially, the amount of contextual information provided must be balanced with the time al-
lotted per decision. Limited time per decision increases moderators’ stress [34, 6], especially 
considering that a minimum amount of time is needed to interpret the context adequately. 
Consequently, insufficient or excessive context information without sufficient time harms de-
cision quality. The time needed to assess content also depends on the moderators’ cultural lit-
eracy, which encompasses an understanding of symbols, values, narratives, historical events, 
and social codes, as well as linguistic and semiotic knowledge [24, 35, 44, 34, 40, 29, 33, 28, 17, 
14]. However, language skills alone do not guarantee high-quality moderation due to dialects, 
slang, generational differences, and humor [35, 27]. Partial contextual or cultural literacy can 
lead to the misclassification of satire, covertly illegal content, or practices like reclaiming. Con-
versely, users’ coding strategies, such as dog-whistling, may remain undetected. Using linguis-
tic markers to identify constructive contributions can facilitate comprehension of the context, 
but this approach has been criticized for being too focused on Western values [40]. 

3.7	 Recognition of Users’ Coding Strategies

Knowledge about filter systems’ weaknesses empowers users to exploit them. If users manage 
to prevent their harmful content from being detected by these systems, it will not reach the 
critical eye of a moderator. Using codified language to express restricted speech is often simple 
and unoriginal. Yet what any human could easily decipher is often still difficult for systems to 
catch. Modern classifiers continue to struggle with combinations of words, misspellings, satire, 
changing syntax, and coded language [44, 20]. Oftentimes, the “code” might not even be strate-
gic, for example, in the case of region-specific racial slurs that have harmless meanings in oth-
er contexts [14]. In other instances, there is obvious intent to circumvent filters, such as refer-
ring to Hitler as “the painter,” which is understandable to humans but undetectable to systems 
lacking contextual inference. Users’ strategies for circumventing filters while moderators try 
to catch up lead to a cat-and-mouse game. This is where timely and reliable human–machine 
collaboration becomes indispensable. Thus, being able to quickly adapt systems through mod-
erators providing feedback on newly discovered coding strategies is key to building resilient 
moderation systems at scale. However, coding strategies are a powerful excuse for platforms to 
not publish their exact moderation criteria [16, 34], even though increased transparency could 
benefit the perceived fairness and acceptance of moderation practices [35, 13].
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3.8	 Understanding of the Profession

Content moderators’ understanding of their profession depends on their perception of their 
position and tasks within the socio-technical system, which shapes their moderation deci-
sions within the decision latitude afforded to them. The degree of invasiveness chosen for 
the specific moderation process, that is, how “hierarchical” moderators can act towards plat-
form users, is a decisive factor [47, 26]. “Dogmatic” moderation involves no explanation of the 
moderation, “authoritative-interactive” moderation informs users in advance of moderation 
measures and the standards of enforcement, and “discursive-interactive” moderation allows 
user statements [47]. The final subgroup is visibility moderation, where content is not re-
moved from the platform, but its visibility is reduced for certain user groups through meth-
ods such as geo-blocking, shadow banning, or age restrictions [47]. 

Moderators’ views of their activities’ objectives are also relevant. They may perceive their role 
as to facilitate civil and productive discourse or to ensure the quality of content on the platform 
[37] (e.g., the moderation of the “Discussion” tab of a Wikipedia article) [37]. Surveyed modera-
tors consider it crucial for the information in online encyclopedia entries to be accurate and, 
therefore, lean towards accepting disruptions to the discussion resulting from their moderation 
[37]. Voluntary content moderators describe roles ranging from that of a “police/manager” to a 
“team member/discussion facilitator” and favor less confrontational, direct engagement [37].

In terms of how content moderators understand their role, it is important to consider wheth-
er they view the use of systems as supportive or as a replacement justified by economic rea-
sons [35]. The latter is perceived by content moderators as criticism or devaluation of their 
work, which can result in lower acceptance of introduced systems [35]. 

3.9	 Practice-Relevant Experience

As with any task, practicing content moderation might not result in perfection but in a sub-
stantial improvement in decision quality. Employees who have been moderating content for 
longer have a better intuition for the task [35]. Especially in difficult cases, experience with 
similarly complex moderation decisions affects a moderator’s ability to effectively solve them 
[33]. In addition to proficiency in core moderation tasks, experience increases abstract aware-
ness of current problems within practice, including the holistic moderation process [35].

Besides increased proficiency, performing a repetitive task like content moderation over an 
extended period involves a risky trade-off. On the one hand, developing a routine might in-
crease workflow efficiency (e.g., increased speed in the operation of software). On the other 
hand, repetition can decrease attention to detail (rubberstamping) since humans inherently 
seek to reapply known patterns to preserve precious cognitive resources.
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3.10	  Adequate Reliance on System Output

Human moderators are prone to excessively trusting the outputs of machine systems, even 
when these outputs are flawed or clearly incorrect. This phenomenon is often referred to as 
“automation bias” (Goddard et al., 2014). In the context of content moderation, human mod-
erators tend to rely on systems the most in areas where those systems perform the worst, 
for example, when dealing with difficult, context-dependent cases [22]. System-generated 
attributions of meaning are simply adopted; for instance, keywords flagged by systems are 
“automatically” perceived as problematic by human moderators [22]. Furthermore, develop-
ers of moderation systems and processes are significantly more skeptical about them than 
the moderators who use them [35]. 

To develop an appropriate level of trust in technical systems, human moderators must un-
derstand the systems and their limitations sufficiently well. To this end, technical experts 
must ‘translate’ the relevant contexts of AI systems into understandable explanations for 
moderators [17], which has been called the “interpretive function” of a Hilo (Crootof et al., 
2023). In this regard, it is helpful to educate moderators about what the system does and 
why, as well as its limitations. Another remedy currently under discussion is the use of large 
language models (e.g., LLM-as-a-judge [32]) because these are believed to be capable of gen-
erating textual explanations of their outputs.  

3.11	  Accuracy of Systems in the Detection of Harmful Content

A key prerequisite for moderation is the detection of suspected content by filtering systems. 
The accuracy of these filters determines false positive and negative rates, overall reliabili-
ty, and the confidence conveyed to moderators and users. Accurate, transparent evaluations 
help moderators make better decisions as a Hilo. These filters typically include predictive 
classifiers or hash-based matching systems. 

The literature on the fallibility of moderation systems primarily focuses on predictive classifi-
ers because hash-matching systems, especially “perceptual hashing,” are relatively tolerant of 
deviations (Gorwa et al., 2020). The main cause of error in classifiers lies in the limited avail-
ability of high-quality training data [35, 44]. This may be due to biased data collection (e.g., if 
restricted to certain geographical, linguistic, or cultural contexts) or technical constraints that 
prevent full contextual representation [24, 47, 4, 18, 19, 30, 17, 7, 49, 14, 27, 13]. Consequently, 
classifiers perform well only within familiar contexts and substantially worse than humans 
outside them [22], which leads to biased outcomes for underrepresented data [25, 44]. 

Linguistic nuances, such as mock politeness, euphemisms, and hidden or semantically veiled 
speech, also present challenges for detection [14, 31, 4]. Additionally, some systems assess 
toxicity relative to post length, with sensitivity varying depending on the topic or group [35, 
11]. However, models that rely too heavily on keywords (e. g., swear words) and other specific 
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markers (e. g., Black-aligned English) may over-block content [31, 25, 44]. Keyword-based sys-
tems (e. g., Perspective API) mainly serve an assisting function [8, 37, 33]; to make informed 
decisions, moderators need transparent tools that clarify contextual harm [11]. Furthermore, 
as humans train the systems intended to correct their biases [35], disagreement among hu-
man annotators can lead to false learnings [15].

Additionally, errors can be trivial, such as mistaking spilled red paint for blood. This could be 
avoided by considering the context (e. g., a nearby paint bucket). However, contextual reliance 
can be exploited, as in the case of filters misinterpreting topless photos with baby dolls as 
breastfeeding. Accurate predictions require up-to-date training data containing sufficient 
contextual information [24, 17, 27]. Importantly, the findings outlined above focus on errors 
in the training data and do not cover the inherent statistical limitations of classifiers or de-
sign choices in the system, such as the setting of precision thresholds.

3.12	  The Logic of Assignment Within the Moderation Pipeline

Assigning detected content to human moderators or machines, taking into account expertise 
and experience or automated handling, affects the quality of moderation through both accu-
racy and “soft” effects on moderators. The “moderation pipeline,” or the sequence of steps in a 
moderation process, begins after algorithmic detection. Depending on the format (text, image, 
or video), suspected rule violations (e.g., nudity, hate speech, or terrorism), language, or region-
al/cultural context, it may assign content to moderators or systems for moderation. However, 
the exact pipelines are opaque to the public, making this literature-based list non-exhaustive.

The literature identifies regular and high-priority queues. These are based on moderator se-
niority and expertise [19], with content being assigned directly or escalated from junior to se-
nior moderators when needed. The assignment may also depend on contextual urgency, for 
instance, the frequency of similar flagged content or its potential impact [13]. Asynchronous 
processes, caused by filtering delays [35] or private-life obligations in VCM [21], can limit the 
ability to intervene promptly and affect both user experience and moderator workload [37].

Maladaptive assignment can have several effects. Random assignment can cause stress for 
moderators due to constant adaptation and exposure to graphic content [6], and it may re-
duce efficiency because of a lack of specialization [24]. Repetitive work may result in lower 
rigor [35], while relying solely on keywords can lead to false positives [37] and the transmis-
sion of bias (Vicente et al., 2025). The prioritization of frequently flagged content as an alert 
is vulnerable to abuse by coordinated groups or “troll armies” who flag content they want 
removed [34]. This strategy is also referred to as “coordinated flagging” (Griffin & Stallman, 
2024). Moreover, users may become frustrated if moderation occurs hours after posting due 
to asynchronous filtering delays, assignment pipelines, or other obligations, while preemp-
tive deletion is often perceived as censorship [35].
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3.13	  Third-Party Interests

Beyond the legal frameworks and platforms’ approaches to moderation governance, modera-
tion processes are shaped by third-party interests, particularly those of users and advertisers. 
Platforms’ business models depend on user engagement to determine the value of ad place-
ment for revenue generation (Meta Investor Relations, 2025). As a result, platforms align their 
content guidelines, the consequences of user engagement, and the interests of advertisers.

This reflects the attention economy, where content that drives engagement creates value for 
advertisers [13], with mechanisms focusing on retaining both users and advertisers. Errone-
ous moderation can lead to discontent [36], particularly when users have invested effort in 
creating content [35] or when they are public figures or popular content creators [37]. Mini-
mizing the time from posting or flagging to an actual moderation decision reduces frustra-
tion [34]. However, speed may conflict with careful, diligent decision-making and transpar-
ent justifications, which are crucial to procedural fairness and perceived legitimacy [15, 46]. 
Without these, overall platform governance as a superordinate framework for the quality of 
content moderation is negatively affected [15].

For advertisers, content must align with brand values [36], and declining user engagement 
may deter ad investment. Therefore, platforms must strike a balance between showing en-
gaging ads and not annoying users, while maintaining a “brand-friendly” environment that 
will retain financially strong advertising customers in the long term. This ambivalence is ex-
acerbated by the positive association between the emotionality of content and user engage-
ment (Schreiner et al., 2019). 

3.14	  Regulatory Frame

The regulatory framework affects the way platforms operating in Europe moderate their 
content in three ways. First, general legal frameworks govern the structure and operation of 
platforms. These include contractual and corporate legal requirements and rules on working 
conditions and accounting. 

Second, requirements regarding the formal design of content-moderation processes can be 
found in the DSA and the GDPR, in particular. Art. 16 of the DSA, for example, sets a require-
ment for platforms to implement a reporting system, and Art. 22(1) of the GDPR imposes a 
general prohibition on the use of fully automated decision-making systems (Penagos, 2025).

Third, in practical terms, legal requirements influence the moderation decisions that must 
be made. According to Art. 3(t) of the DSA, content that is unlawful or violates the platforms’ 
terms of use must be moderated. Whether content is illegal is determined by the laws of the 
European Union’s Member States. 
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Importantly, inadequate regulatory requirements can create false incentives. For instance, 
the effectiveness of moderation could be of secondary importance if the legal framework 
considers a sufficient number of moderated posts to be indicative of an effective con-
tent-moderation process [43]. Therefore, the incentives set by the legal framework and the 
extent to which compliance can be verified impact the quality of the process.

4 Discussion of the Results
In this non-exhaustive, integrative literature review, we searched multiple academic data-
bases for publications on the collaboration of humans and machines in the field of content 
moderation. We aimed to identify the factors influencing the quality of content moderation 
decision-making processes embedded in their socio-technical systems.

In sum, 14 such factors were derived in an iterative process of synthesizing explicit and im-
plicit information, categorizing gathered information into cohesive clusters, and aligning 
these on a matching level of abstraction. The factors address the following aspects: the con-
tent-to-moderator ratio, the psychosocial conditions of employment, the quality of modera-
tion guidelines, decision latitude, implemented feedback mechanisms, cultural and contex-
tual understanding among human moderators, the recognition of users’ coding strategies, 
understanding of the profession, practice-relevant experience, adequate reliance on system 
output, the accuracy of systems in the detection of harmful content, the logic of assignment 
within the moderation pipeline, third-party interests, and the regulatory framework.

Our method only allowed for the identification of factors influencing decision-making qual-
ity. Influence here is understood as the factors’ effects, as described in the material, being 
deemed relevant to the research question. The relationship between the factors and deci-
sion-making quality does not enable causal interpretations, an estimation of the strength 
of the relationship, or conclusions about how the factors interact. Such inferences will re-
quire empirical investigations designed to detect causal patterns. Further, there are notice-
able differences in the levels of abstraction between a majority of specific factors and a mi-
nority of seemingly more abstract factors, namely, third-party interests and the regulatory 
framework. This is because the factors result from categorization, which was influenced by 
the contextual proximity of identified aspects, producing more concrete factors where the 
material provided more detail and more abstract factors where the material was less de-
tailed. Excluding certain aspects, for example, third-party interests, because a differentiated 
discussion of economic incentives or business practices was missing, would not be coherent 
with the exploratory approach and socio-technical lens of the research question.

Quantitatively, the strongest support in the material was found for the content-to-moder-
ator ratio, the psychosocial conditions of employment, and the accuracy of systems in the 
detection of harmful content. In practical terms, this points to three critical areas affecting 
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the content-moderation process. First, considering the roles assigned to human moderators 
and the immense responsibility that comes with them, it is crucial for employers to careful-
ly assess the amount of human resources needed to diligently fulfill them. Although this is 
certainly limited by the availability of funds and qualified personnel, the ratio should be pro-
portionate to the risks involved. 

Second, given the severity of the psychological consequences of moderation work, appropri-
ate support measures are imperative. Support should not be limited to post-hoc treatment 
via counseling or therapy but also include actions to reduce the induction of stress and trau-
ma in the first place. Nonetheless, we acknowledge the difficulty of balancing extensive hu-
man review of harmful content with limiting the exposure to graphic material. However, this 
dilemma does not undermine the criticality of effectively tackling the issue. 

Third, the review above addresses a multitude of flaws embedded in technological systems 
that assist moderators in detecting harmful content. Importantly, we only shine a dim light 
into the black box of shortcomings of predictive systems in particular. In the context of content 
moderation, the data being filtered is highly complex and context dependent and demands 
well-annotated, relevant training data that adequately represents the affected populations 
and are continuously updated based on moderators’ feedback. At the same time, technological 
and statistical limitations must be considered in the distribution of tasks and responsibilities.

As Europe’s leading regulatory tool for large online platforms, the DSA sets specific process 
requirements for sufficient notice and action mechanisms in content moderation. Yet it does 
not fully provide for specific rules for semi-automated decision-making. Art. 16, para. 6 of 
the DSA requires that providers of hosting services and platforms process notices in a “time-
ly, diligent, non-arbitrary and objective manner.” Unlike other European regulations, such as 
the AIA, the DSA does not contain specific requirements for a diligent process design. Art. 14, 
para. 1 of the AIA, for example, requires high-risk AI systems to be designed and developed 
to be effectively overseen by natural persons while in use. A checklist of AI-system features 
that enable effective oversight is provided in Art. 14, para. 4 of the AIA. This includes a “stop 
button” that enables overseers to halt the system in a safe state. According to Art. 26, para. 
2 of the AIA, deployers must assign human oversight to natural persons with the necessary 
competence, training, authority, and support to fulfil oversight obligations. 

Given automated content-moderation systems’ current susceptibility to errors and the con-
sensus that humans can make a meaningful difference in co-decisionary architectures, only 
a process design incorporating Hilos can be considered truly diligent within the meaning of 
Art. 16, para. 6 of the DSA. As the analyzed literature makes clear, key factors must be attend-
ed to sufficiently to optimize semi-automated content-moderation processes. At the time of 
writing, the authors of this paper are drafting a DSA reform proposal in light of the current 
DSA review stage, stressing the need to include a specific requirement focused on the pro-
cess design. This could be achieved by adding the following addendum (bold, in brackets) to 
Art. 16, para. 6, sentence 2 of the DSA: 
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Providers of hosting services shall process any notices that they receive under the 
mechanisms referred to in paragraph 1 and take their decisions in respect of the in-
formation to which the notices relate, in a timely, diligent, non-arbitrary and objective 
manner. Where they use automated means for that processing or decision-making, 
they shall include information on such use in the notification referred to in para-
graph 5 [and shall design the decision-making process in such a way as to ensure 
meaningful human involvement] (Digital Services Act, 2022, Art. 16(6)). 

To help norm addressees implement this process design, regulators, digital service providers, 
civil society, and academia could collaborate on co-regulatory measures like codes of conduct 
that enable responsible content-moderation practices beyond abstract regulatory requirements. 
As an example of a soft-law measure, the authors iteratively developed a Code of Conduct on Hu-
man-Machine Decision-Making in Content Moderation (Kettemann et al., 2025) in collaboration 
with various stakeholders to further specify the regulation of content moderation, focusing on ef-
fective and responsible cooperation between humans and machines. This crucial yet often over-
looked relationship is addressed in 10 codes containing practical measures that serve as sugges-
tions for action to promote responsible, transparent, and fundamental rights-preserving content 
moderation. The identified factors provided the scientific backing for the drafting process. 

Overall, the reviewed literature sample had a clear focus on aspects closer to the concrete 
moderation process performed by moderators (e.g., effects on moderators or flaws of the 
technical system) and less so on aspects more distant from the concrete process (e.g., broad-
er content governance by platforms and external actors, organizational decision-making 
processes, or business model incentives). This lack of holistic analyses could be attributed 
to the fact that most material deals with particular issues in content moderation rather than 
abstract processes and the grounds of their configurations. As concerns the predominant 
disciplines, most material was published in the fields of social sciences, law, and political 
science, while economics or psychology, for example, were substantially less prevalent. How-
ever, the pool of considered materials was overtly affected by the search terms, which con-
centrated on topics more akin to social sciences than other fields, such as computer science. 
Consequently, the methodology was dominated by qualitative approaches, limiting conclu-
sions about the scale of the identified dynamics, as discussed above.

As concerns the issues we expected to be addressed based on our initial, surface-level mod-
elling of the moderation processes (Züger et al., 2025), a few areas are worth mentioning 
that were not elaborated on in the material. Between the two broad categories of systems 
utilized for content moderation (i.e., predictive classifiers and hash-matching), there was an 
almost exclusive focus on predictive systems, which are arguably more prone to errors, in-
cluding the widely discussed risks of harmfully biased training data. Further, discussions of 
system-related factors predominantly concerned the training data rather than aspects in-
trinsic to system functionality (e.g., limitations of statistical logic) or the intentional design 
of these systems (e.g., the setting of accuracy thresholds). Relatedly, the material contained 
almost no information on the prevalence and design of mechanisms for moderators to pro-
vide feedback on the systems’ outputs and how this may be implemented.
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With its holistic view of the socio-technical system in content moderation, the synthesis and 
comprehensive systematization of influencing factors provided in this review represents a 
novel approach to understanding collaborative human–machine decision-making processes. 
Prior studies have either examined the roles of humans in (semi-)automated decision-mak-
ing, described the implications of practical processes (e.g., moderating content), or critically 
discussed the risks involved in specific cases. In contrast, this review is a first attempt to holis-
tically map influencing factors derived from the relevant literature, building a foundation for 
determining vectors of improvement and formulating actionable steps towards higher-quali-
ty decision-making. Only by identifying critical interdependencies within and around the de-
cision-making process can aspects detrimental to rational judgment and socially negotiated 
justice, which ultimately corrupt the overall quality of the process, be reflected on. Research 
investigating more isolated dimensions of these processes in-depth is a crucial prerequisite 
for the present approach, but sufficient complexity in the understanding of (semi-)automat-
ed decision-making can only be achieved through the evaluation of socio-technical systems. 
Otherwise, recommendations could overlook blind spots related to any applied measures.

5 Conclusion and Outlook
The 14 factors derived from this integrative literature review contribute to a holistic under-
standing of the factors influencing the quality of content-moderation decision-making pro-
cesses. By laying bare the co-dependent dynamics and adjustable mechanisms that either 
directly or indirectly affect the goal of timely, diligent, non-arbitrary, and objective content 
moderation (as demanded by Art. 16 of the DSA), platforms and policymakers can work to 
better align practice with said goals. In particular, ensuring sufficient human resources, 
adequate psychological support, and adaptive technological systems with proper feedback 
mechanisms appears to be key to high decision-making quality.

In the context of the research effort in which this review is embedded, the findings also con-
tribute to a prospective meta-analysis of influencing factors in four different case studies on 
(semi-)automated decision-making processes. Based on these case studies, similarities and 
abstract factors relevant to collaborative human–machine decision-making in general will 
be analyzed, culminating in a taxonomy applicable to a broader range of practical cases. More 
directly, this review also informed the drafting of a Code of Conduct on Human-Machine De-
cision-Making in Content Moderation (Kettemann et al., 2025), which formalizes 10 guiding 
principles for the organization of content-moderation processes by large online platforms. 
With this code, we propose a voluntary set of actionable measures platforms can commit to, 
as stipulated in Art. 45 of the DSA, to demonstrate legal compliance beyond minimum obli-
gations. Lastly, the recognition of the multifaceted factors that influence the quality of the 
decision-making process led the authors to draft a DSA reform proposal to help the legislator 
better reflect the complexity of content moderation in the DSA.
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