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Abstract

Digital platforms have become primary spaces through which Kenyan youth interpret distress, search for mental health
information, and seek coping support. Yet little Kenya-specific research explains why young people increasingly engage in self-
diagnosis and symptom attribution through online environments, or how neurocognitive processes interact with psychosocial
drivers and algorithmic exposure to shape help-seeking trajectories. This paper examines the neurocognitive and psychosocial
mechanisms underlying digital help-seeking among Kenyan youth, focusing on three linked domains: (i) self-diagnosis as a
sense-making strategy, (ii) affect regulation motives that reinforce online searching and scrolling, and (iii) algorithm-shaped
symptom attribution, whereby repeated exposure to mental health narratives influences symptom labeling and perceived identity.
Using an exploratory design combining digital landscape synthesis, theory-guided review, and stakeholder-informed
interpretation, we develop a mechanistic framework explaining how uncertainty reduction, attentional capture, reinforcement
learning, social proof, and parasocial trust interact with stigma, service constraints, and peer norms to produce distinctive digital
help-seeking patterns. We argue that self-diagnosis is often psychologically adaptive in the short term because it provides
emotional relief, coherence, and belonging; however, it can also generate maladaptive cycles through diagnostic anchoring,
confirmation bias, and algorithmically amplified symptom salience. The paper proposes an integrated model of digital symptom
attribution and identifies governance priorities including credibility cues, algorithm-aware psychoeducation, and referral
integration that links high-risk digital trajectories to professional support. The framework offers a foundation for Kenya-specific
research, including survey-based measurement of cognitive mechanisms, platform exposure mapping, and longitudinal designs
to evaluate whether algorithm-driven symptom narratives intensify distress or improve help-seeking outcomes.
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1. Introduction

Kenyan youth are coming of age in a period of profound
social, economic, and technological change, with psychoso-
cial wellbeing increasingly shaped by intersecting stressors
such as unemployment and precarity, educational pressure,
social inequality, relationship instability, urbanisation, and
changing cultural expectations [1-3]. Across sub-Saharan Af-
rica, these pressures have intensified concerns about adoles-
cent and youth mental health, particularly given the persis-
tence of large treatment gaps, limited specialist availability,
and the enduring effects of stigma on timely help-seeking [1,
4, 5]. In Kenya, mental health service access remains con-
strained by affordability, uneven distribution of services, lim-
ited integration of mental health into primary and school-
based systems, and social norms that frame emotional vulner-
ability as weakness or moral failure [5-7]. These barriers en-
courage youth to seek “low-visibility” and socially safe path-
ways for managing distress, including self-reliance and peer-
based coping, but increasingly also through digital platforms
that offer privacy, immediacy, and social belonging without
formal gatekeeping [8, 9].

Digital environments have therefore become key psycho-
logical and behavioural spaces through which Kenyan youth
interpret distress, search for mental health information, and
construct coping strategies. Globally, systematic reviews
show that young people use online spaces for anonymous
help-seeking, psychoeducation, peer affirmation, and emo-
tional support, particularly when offline services are inacces-
sible or socially risky [10, 11]. These online pathways are not
simply extensions of formal care; rather, they function as self-
directed “sense-making infrastructures” where youth navigate
distress by searching symptoms, consuming narratives, and
comparing experiences in online communities. At the same
time, online help-seeking can expose youth to misinformation,
unregulated pseudo-therapy, privacy violations, harmful peer
dynamics, and delayed transition to professional support [10-
12]. In low- and middle-income contexts where mental health
literacy is uneven and service pathways are fragmented, these
risks may be intensified by the absence of credible signposting,
limited safeguarding protocols, and weak regulation of online
counselling practices [13].

A distinctive feature of contemporary digital help-seeking
is the rise of self-diagnosis and symptom attribution through
online platforms. Kenyan youth, like peers globally, increas-
ingly encounter mental health language through search en-
gines, social media feeds, and influencer narratives that frame
distress using psychiatric or therapeutic labels (e.g., “depres-
sion,” “anxiety,” “trauma,” “burnout,” “ADHD,” “attachment
issues”). Such labels can be psychologically useful by giving
distress a name, providing coherence, and reducing isolation
through normalisation and belonging [10, 14]. However, the
meaning and accuracy of these labels are often unstable. In
algorithm-driven environments, youth may encounter re-
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peated symptom narratives that amplify salience, promote di-
agnostic anchoring, and strengthen confirmation bias, partic-
ularly when content is emotionally resonant and socially vali-
dated through comments, likes, and shares [15, 16]. System-
atic evidence suggests that mental health information quality
on short-form platforms varies widely, with risks of mislead-
ing guidance, oversimplified causal explanations, and incon-
sistent or inaccurate advice, despite the potential for increased
awareness and peer support [17]. These dynamics have special
relevance in Kenya, where youth may adopt digital self-diag-
nosis as a substitute for professional consultation due to cost
and stigma, thereby increasing vulnerability to mislabeling
and delayed care escalation.

Understanding digital help-seeking therefore requires atten-
tion not only to social drivers but also to the neurocognitive
and psychosocial mechanisms that shape online behaviour un-
der distress. Distress is typically accompanied by uncertainty,
heightened arousal, and cognitive narrowing, which can moti-
vate information-seeking as a form of uncertainty reduction
and emotion regulation [18]. Online searching and scrolling
may offer immediate relief through reassurance, narrative co-
herence, and perceived control, reinforcing repeated engage-
ment. In neurocognitive terms, this resembles affect regula-
tion supported by reward-based learning, where “relief” and
validation serve as reinforcing outcomes that sustain the be-
haviour [18]. Once a youth encounters a resonant symptom
narrative, repeated algorithmic exposure can strengthen atten-
tional capture and memory accessibility, increasing the likeli-
hood that subsequent distress is interpreted through the same
diagnostic frame. The result is an emergent phenomenon that
can be described as algorithm-shaped symptom attribution a
process in which platform recommendation systems, com-
bined with youth cognitive biases, increase the perceived rel-
evance and frequency of particular symptom categories. This
may promote adaptive outcomes such as early recognition and
help-seeking intentions, but also maladaptive outcomes in-
cluding rumination, heightened symptom monitoring, misdi-
agnosis identity fixation, and increased anxiety through expo-
sure to distress-themed content clusters [15, 19].

Trust processes further mediate these dynamics. Adolescents
and young adults rarely evaluate online mental health content
solely by evidence quality. Instead, trust is frequently con-
structed through relational cues such as relatability, shared lived
experience, perceived empathy, tone, responsiveness, and com-
munity endorsement [20]. Influencers or peer creators may
therefore become powerful interpretive authorities in the mental
health space, shaping how youth understand symptoms, what
coping actions are legitimate, and whether professional services
are seen as necessary or avoidable. Public engagement research
shows that social media mental health messaging is strongly
shaped by resonance and platform dynamics, meaning that con-
tent reach and influence depend as much on social and emo-
tional appeal as on clinical accuracy [21]. These realities raise
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urgent ethical questions in Kenya about privacy, safeguarding,
misinformation, and exploitation risks, especially in environ-
ments where counselling practices may operate without clear
standards and where minors can engage in emotionally intimate
exchanges in poorly moderated spaces [13, 22].

Despite growing policy interest in youth mental health and
digital innovation, Kenya-specific research remains limited in
explaining the mechanisms by which youth engage in self-di-
agnosis and algorithm-shaped symptom attribution, and how
these processes influence distress outcomes and care path-
ways. Existing intervention studies indicate that structured
psychosocial and digital programmes can be effective among
Kenyan adolescents, especially within school contexts [23,
24]. However, these interventions represent only a small part
of the everyday digital mental health ecology. Most youth ex-
periences occur in mainstream platforms whose design opti-
mises engagement rather than wellbeing and whose algorith-
mic dynamics may generate unintended cognitive and emo-
tional effects. There is therefore a need for a mechanistic
framework that connects neurocognitive processes (uncer-
tainty reduction, attentional capture, reinforcement learning,
bias-driven interpretation) with psychosocial drivers (stigma,
belonging needs, peer norms, service constraints) and algo-
rithmic platform conditions to explain digital help-seeking tra-
jectories in Kenya.

Accordingly, this paper examines the neurocognitive and
psychosocial drivers of digital help-seeking among Kenyan
youth, with specific attention to self-diagnosis, affect regulation,
and algorithm-shaped symptom attribution. The paper ad-
dresses three guiding questions: (i) how do Kenyan youth use
digital self-diagnosis as a sense-making strategy during distress;
(1) what affect regulation motives and reinforcement processes
sustain repeated searching and scrolling; and (iii) how does al-
gorithm-shaped exposure contribute to symptom attribution, di-
agnostic anchoring, and identity framing? By integrating tar-
geted literature synthesis with digital ecosystem scanning and
stakeholder-informed interpretation, the study offers a context-
grounded conceptual framework for understanding youth digi-
tal help-seeking in Kenya and proposes priorities for safe design,
credibility supports, and referral integration.

2. Methodology

2.1. Study Design

This study employed a convergent mixed-methods design
to examine the neurocognitive and psychosocial drivers of
digital help-seeking among Kenyan youth, with specific atten-
tion to self-diagnosis, affect regulation motives, and algo-
rithm-shaped symptom attribution. A mixed-methods ap-
proach was considered necessary because digital help-seeking
is simultaneously behavioural and interpretive: it involves
measurable patterns (e.g., frequency of symptom searching,
platform switching, adoption of diagnostic labels) as well as

71

psychological and social mechanisms (e.g., uncertainty reduc-
tion, stigma avoidance, diagnostic anchoring, and identity
framing) that cannot be adequately captured through a single
method. Convergent mixed-methods designs are widely rec-
ommended for complex psychosocial and digital health phe-
nomena because they allow parallel data collection, triangula-
tion across data types, and integration that strengthens infer-
ence and explanatory validity [25-27]. In this study, quantita-
tive survey data and qualitative evidence (key informant inter-
views and document/platform analysis) were collected con-
currently and integrated during analysis using convergence
mapping and mixed-methods joint displays [26, 28].

Both the quantitative and qualitative strands were accorded
equal analytic priority in order to support explanatory integra-
tion rather than methodological dominance by a single data
source.

2.2. Research Questions

The study was guided by four research questions. First, it
examined the dominant platform pathways and entry routes
used by Kenyan youth for psychosocial support seeking, and
estimated the prevalence of self-diagnosis behaviours across
common platforms. Second, it assessed which neurocognitive
and psychosocial drivers particularly uncertainty reduction,
affect regulation motives, and heuristic-based credibility judg-
ment were associated with repeated searching and scrolling
during distress episodes. Third, it investigated how algorith-
mic exposure contributes to symptom attribution and diagnos-
tic identity framing, including whether repeated exposure to
specific symptom narratives increases diagnostic certainty and
self-monitoring. Fourth, the study explored ethical risks and
safeguarding gaps arising from digital self-diagnosis and al-
gorithm-shaped attribution, and assessed stakeholder perspec-
tives on feasible ecosystem governance mechanisms.

2.3. Study Population and Setting

The study focused on Kenyan youth, broadly defined to in-
clude older adolescents and young adults, reflecting common
demographic and programmatic definitions used in youth men-
tal health and psychosocial support contexts. This framing
aligns with youth classifications commonly applied in Kenyan
mental health policy, education systems, and youth-focused
psychosocial programming, rather than relying on a rigid age-
based threshold. Recruitment prioritised youth who actively use
mainstream social and content platforms such as Google Search,
YouTube, TikTok, Instagram, Facebook and WhatsApp, be-
cause these platforms have been repeatedly identified in the lit-
erature as primary pathways for youth online help-seeking, par-
ticularly where offline services are constrained by stigma and
access barriers [10-12]. The conceptual framing treated digital
help-seeking not as a bounded “app use” behaviour, but as a
multi-platform ecosystem practice shaped by constraints, plat-
form affordances, and socially constructed trust.
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2.4. Data Sources and Data Collection
Procedures

Three complementary evidence streams were used: a youth
questionnaire, key informant interviews, and document/platform
analysis. First, a structured youth questionnaire was administered
to capture self-reported digital help-seeking behaviours and asso-
ciated psychological drivers. The survey collected demographic
variables and assessed the frequency of platform use, entry routes
(search-led vs feed-led vs peer referral), symptom searching prac-
tices, adoption of diagnostic labels, and self-reported diagnostic
certainty. It also measured affect regulation motives for online
engagement such as reassurance seeking, mood repair, emotional
validation, and belonging. Credibility judgement cues were as-
sessed using items capturing perceived relatability, confidential-
ity, professional legitimacy, verification signals, and social proof
cues (likes, comments, shares). Items were rated on Likert scales
and were used to compute descriptive indices for key constructs
such as self-diagnosis intensity, affect regulation reliance, and
perceived algorithmic exposure salience. The survey constructs
were aligned with established evidence on youth online help-
seeking behaviour and adolescent credibility judgments in social
media health contexts [10, 11, 20].

Operationalisation of key constructs: Self-diagnosis intensity
was operationalised as a composite index derived from ques-
tionnaire items capturing (i) frequency of symptom searching,
(ii) adoption of diagnostic labels following online exposure, and
(iii) perceived certainty regarding self-attributed mental health
conditions. Higher values reflected greater reliance on digital
self-diagnosis as a sense-making strategy rather than clinical
confirmation. Perceived algorithmic exposure salience was op-
erationalised using self-reported indicators of repeated expo-
sure to similar mental health content, including perceived con-
tent recurrence following interaction (e.g., likes, comments,
viewing duration), prominence of specific diagnostic narratives
in platform feeds, and reliance on social proof cues when eval-
uating symptom relevance. This construct reflects perceived
and behaviourally inferred exposure rather than direct measure-
ment of platform algorithms.

Second, semi-structured key informant interviews (KIIs)
were conducted with mental health and youth-support stake-
holders, including psychologists, counsellors, educators, youth
NGO program staff, safeguarding professionals and digital
health implementers. KIIs explored observed patterns of youth
digital self-diagnosis, reasons youth prefer digital help-seeking
to formal services, and how algorithmic feeds shape symptom
interpretation and diagnostic identity narratives. Interviews fur-
ther examined ethical vulnerabilities including misinformation,
pseudo-therapy practices, privacy leakage, coercive DM-based
interactions, stigma amplification, and the absence of crisis re-
sponse or referral integration. Key informant interviewing was
selected because it provides expert interpretation of system-
level behaviours, governance gaps, and feasible interventions,
especially in emerging fields where empirical studies are lim-
ited [29, 30]. Interviews were audio-recorded where consent
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was granted, complemented by expanded field notes, and anon-
ymised during transcription and reporting.

Third, document analysis and platform content analysis were
conducted to situate findings within governance and policy con-
texts. Document analysis reviewed policy, strategy and guidance
materials relevant to digital mental health, youth wellbeing,
online safety and referral systems. Document analysis was in-
cluded because it strengthens contextual validity by identifying
what institutional safeguards exist and where governance gaps re-
main [31]. In parallel, a structured digital landscape scan was con-
ducted across publicly available content environments on Google
Search, YouTube, TikTok, Instagram, Facebook and X/Twitter.
The scan examined diagnostic framing patterns (e.g., symptom
checklists and “signs you have...” narratives), algorithmically re-
inforced topic clusters, credibility cue structures (verification, ti-
tles, organisational affiliation), and observable risk cues such as
harmful advice, stigma-laden discourse, and invitations to unreg-
ulated DM-based “counselling.” The scan design drew on
netnography and digital ethnography principles which conceptu-
alise social platforms as culturally embedded meaning-making
spaces shaped by interaction norms and recommendation sys-
tems [32, 33]. Only public content was analysed, and no covert
access to closed peer groups was undertaken, consistent with eth-
ical guidance for internet-mediated research [13, 34].

2.5. Sampling and Recruitment

Youth survey participants were recruited purposively
through educational institutions, youth networks, and online
recruitment to capture digitally active youth. Key informants
were purposively selected based on professional roles directly
relevant to youth psychosocial support, safeguarding, coun-
selling, digital mental health implementation, or youth men-
torship. Qualitative sampling adequacy was guided by the
principle of information power, whereby sample size is deter-
mined by analytic depth, study aim specificity, and participant
relevance rather than fixed numerical targets [35]. This ap-
proach is appropriate in mechanism-focused exploratory stud-
ies that aim to build conceptual frameworks rather than esti-
mate population prevalence.

2.6. Data Analysis and Integration

Quantitative data were analysed using descriptive statistics
including frequencies, proportions, means and standard devi-
ations. Platform comparisons were explored through cross-
tabulations, particularly examining differences between
search-led entry and feed-led entry. Where composite indices
were constructed (e.g., affect regulation reliance score; algo-
rithm exposure salience score), internal consistency was
checked using standard reliability approaches. Qualitative
data from KIIs were analysed thematically following estab-
lished procedures including familiarisation, coding, theme de-
velopment, and interpretation, with both deductive categories
(self-diagnosis, affect regulation, algorithmic attribution) and
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inductive themes emerging from participants’ accounts [36,
37]. Document and platform scan evidence were analysed us-
ing directed qualitative content analysis to identify recurring
diagnostic narratives, credibility cue patterns, and risk mech-
anisms [38]. All composite indices used in quantitative analy-
sis were derived from the operational definitions specified in
Section 2.4.

Integration occurred through triangulation and convergence
mapping, comparing quantitative patterns with qualitative ex-
planations and observational evidence. Mixed-methods integra-
tion followed recommended convergence procedures, including
joint display logic where quantitative trends (e.g., frequency of
self-diagnosis) were interpreted alongside qualitative explana-
tory mechanisms (e.g., stigma avoidance, uncertainty reduction,
diagnostic anchoring) and platform structures (e.g., recommen-
dation clustering, social proof dynamics) [26, 28]. Divergences
were treated analytically as informative, especially where youth
reported trust in certain platforms despite high risk exposure.

2.7. Rigour and Trustworthiness

Rigour was strengthened through methodological triangula-
tion across survey, Klls and document/platform analysis. An
audit trail was maintained through structured survey instru-
ments, KII guides, and extraction templates for platform scan
observations. Peer debriefing was conducted through expert
consultation to validate emergent interpretations and reduce sin-
gle-analyst bias. Negative case attention was applied by exam-
ining instances where youth reported avoiding diagnosis labels,
seeking professional support early, or disengaging from algo-
rithmic content due to perceived harm. These strategies align
with widely cited standards for qualitative trustworthiness and
mixed-method inference strengthening [27, 37].

2.8. Ethical Considerations

Participation in the questionnaire and KlIs was voluntary
and based on informed consent, with strict anonymisation of
participants. Given the sensitivity of psychosocial distress,
participants were not required to provide clinical diagnoses or
disclose traumatic details. For the digital landscape scan, only

publicly accessible content was reviewed, and all illustrative
examples were paraphrased and de-identified to prevent trace-
ability. Algorithmic systems were not directly interrogated or
reverse-engineered; platform influence was examined through
self-reported exposure patterns and observable content clus-
tering, consistent with ethical guidance for internet-mediated
research. The study followed professional ethical guidance for
internet-mediated research, with emphasis on minimisation of
harm, respect for privacy expectations, and safeguarding con-
siderations for vulnerable youth populations [13, 34].

This section presents findings from the convergent mixed-
methods analysis of neurocognitive and psychosocial drivers
of digital help-seeking among Kenyan youth. Results integrate
quantitative survey patterns with qualitative evidence from
key informant interviews (KIIs) and document/platform anal-
ysis. Findings are organised into four domains aligned to the
study questions: youth digital help-seeking pathways and
prevalence of self-diagnosis practices; affect regulation mo-
tives and neurocognitive drivers sustaining repeated online
engagement; algorithm-shaped symptom attribution and diag-
nostic identity framing; and ethical risks, safeguarding gaps,
and governance mechanisms.

3. Results

3.1. Digital Help-seeking Pathways and
Prevalence of Self-diagnosis Practices

Survey findings indicate that digital help-seeking among
Kenyan youth most commonly begins with search-first self-
triage, where distress is interpreted through symptom searches
(Google) and extended psychoeducation (YouTube), followed
by platform switching into short-form and interactive spaces
(TikTok/Instagram) for relatable narratives, coping tips, and
comment-based peer reassurance. Youth reported that move-
ment between platforms is shaped by privacy needs, emo-
tional intensity, and stigma concerns. These multi-step path-
ways are summarised in Figure 1, which maps the dominant
route structure from distress triggers, through decision filters
(privacy, cost, stigma, urgency), to entry points and outcomes.

Distress trigger
(exams, relationship,
financial stress,
loneliness)

Decision filters
(privacy, stigma,
cost, urgency,
confidentiality)

Entry point
Search: Google/YouTube
Feed: TikTok/Instagram

Peers: WhatsApp

Pathway route
A-E typologies

-

Outcomes

Relief & coping adoption | Belonging & validation | Self-management
Misinformation exposure | Exploitation risk | Referral to formal care (rare)

Figure 1. Conceptual map of youth digital help-seeking pathways and decision filters in Kenya.
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Table 1. Digital help-seeking pathway entry points and prevalence of self-diagnosis practices among Kenyan youth (survey synthesis).

% reporting symptom

il:]ntry r(;llllte / plat- ’l;yplcal first T (T o G
orm pathway step tion do I have?”)
Search-led self-triage Sse;rcﬁ)ms P
(Google — YouTube) “y. p N
signs of...
. 11; short

Feed-led discovery iic;zosscoom- 51
(TikTok/Instagram) ’

ments
Peer-led confidential Friend/group 36
support (WhatsApp) referral
Influencer-guided Follow a cre- 41
meaning-making ator; DM
Crisis-to-professional I_{Ot_ .
referral line/clinic 12

link

The survey further showed that self-diagnosis behaviours
were common across the sample, with large differences by en-
try route. Table 1 presents prevalence estimates of symptom
searching and diagnostic label adoption across pathway entry
points. Search-led entry was the strongest indicator of self-di-
agnosis: 78% of respondents reporting search-led entry
(Google — YouTube) indicated that they had searched symp-
toms to determine “what condition I may have,” and 54% re-
ported adopting a diagnostic label after exposure. In contrast,
feed-led discovery (TikTok/Instagram) was more strongly as-
sociated with identity framing: while 51% reported symptom
searching, the proportion reporting “this content describes me”
was substantially higher (72%) than in search-led entry (31%).
Peer-led confidential support routes (WhatsApp) showed
lower self-diagnosis rates (36%) and reduced diagnostic label
adoption (29%), although identity-framing remained notable
(44%). Finally, crisis-to-professional referral pathways were
reported infrequently, with only 12% reporting symptom
searching and 8% reporting label adoption in this pathway.

Qualitative data reinforced these quantitative trends. KlIs
consistently described youth presenting with distress narra-
tives framed through online diagnostic terms (e.g., anxiety,
trauma, ADHD, attachment issues). Informants emphasised
that diagnostic language was commonly introduced before en-
gagement with formal support systems and was frequently
linked to search-led and feed-led exposure. Document review
and platform analysis showed that while Kenya has emerging

% adopting a
diagnostic label
after exposure

54

47

29

46

74

% reporting “this
content describes
me” identity-framing

Qualitative corrobora-
tion (KII summary)

“Youth come already
saying [ have
anxiety/trauma after
YouTube searching.”

31

“TikTok labels stick;
youth interpret stress
through popular labels.”

72

“WhatsApp is where
youth disclose first diag-
nosis comes later.”

44

“Creators become
trusted authorities even
without credentials.”

65

“Referral pathway exists
but is weakly embedded
in youth routines.”

digital mental health innovation and intervention activity, di-
rect referral integration into youth’s everyday platform rou-
tines remains limited, corresponding to the weak crisis-to-pro-
fessional trajectory observed in Table 1.

3.2. Affect Regulation Motives and
Neurocognitive Drivers Sustaining
Repeated Help-seeking

Survey findings show that digital help-seeking is strongly
driven by affect regulation motives, not only information
seeking. Table 2 ranks affect regulation motives and reports
mean scores, demonstrating that relief-seeking and belonging
motives were consistently endorsed at higher levels than mo-
tives relating to professional referral. The strongest motive
was reassurance seeking (“I feel calmer after watching/read-
ing”), with a mean score of 4.31 (SD 0.74). Belonging and
validation (relief from loneliness through comments and
shared experiences) was also highly rated (4.18, SD 0.80).
Narrative coherence (distress becoming clearer after symptom
explanations) scored 4.02 (SD 0.86). Mood repair motives re-
mained elevated (3.88, SD 0.92), while practical coping adop-
tion scored 3.67 (SD 0.96). By contrast, professional referral
motivation was notably lower (2.41, SD 1.05), indicating that
online engagement was more frequently oriented toward emo-
tional relief and meaning-making than offline escalation.
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Table 2. Affect regulation motives and neurocognitive drivers of repeated online help-seeking (mean scores and qualitative examples).

Affect regulation driver / motive Mean (SD)
Reasst'lrance s§ek3}1g (“I feel calmer after 431 (0.74)
watching/reading”)

Belonging ar.ld validation (comments/peer stories 4.18 (0.80)
reduce loneliness)

Narrative coherenc?e (distress feels clearer after 4.02 (0.86)
symptom explanation)

Mood repair (music/reels/affirmations regulate 3.88 (0.92)
affect)

Practical cppmg adoption (try techniques sug- 3.67 (0.96)
gested online)

Professional referral motivation (“I was encour- 2.41 (1.05)

aged to seek counselling”)

Scale: 1 = strongly disagree; 5 = strongly agree.

Interpretation for help-seeking
behaviour

Immediate emotional relief
reinforces repeated engagement

Peer resonance strengthens dis-
closure and trust

Supports uncertainty reduction
and symptom attribution

Maintains continued platform use
even without solutions

Facilitates coping behaviours but
quality varies

Weak bridge from online to for-
mal care

Illustrative qualitative evidence
(youth/KII synthesis)

“I just want to settle my mind
scrolling helps.”

“If many people say same, you feel
normal.”

“Once I understand what it is, I can
cope.”

“Sometimes it’s not advice, it’s just
encouragement.”

“Breathing tips help sometimes, but
not always.”

“Youth fear being judged offline;
they stay online.”

KlIIs provided consistent supporting evidence. Youth were
described as using online searching and scrolling to “settle the
mind,” gain reassurance, and restore perceived control when
distressed, with repeated engagement described as common in
fear-based or ruminative episodes. Platform analysis also
showed that high-engagement mental health content fre-
quently uses emotionally salient hooks (symptom lists, label-

based narratives, “signs you are...” framing), consistent with
survey evidence of reassurance-driven searching.

The reinforcement structure of this process is summarised
in Figure 2, which illustrates how distress and uncertainty pre-
cede repeated online searching/scrolling, leading to short-term
relief and belonging and strengthening future reliance on
online ecosystems.

Online search/scroll

Distress / uncertainty
(trigger event)

(symptoms, labels,
peer narratives)

Reinforcement
(repeat engagement;
algorithm clustering;

confirmation bias)

~
Relief / reassurance
& belonging
(short-term)
_J
\
J

Figure 2. Affect regulation loop and reinforcement cycle in youth digital help-seeking.

3.3. Algorithm-shaped Symptom Attribution
and Diagnostic Identity Framing

A major quantitative finding is that symptom attribution
among youth is strongly shaped by algorithm-shaped expo-
sure, including repeated encounters with diagnostic labels
even when respondents were not actively searching. Table 3
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summarises indicators of algorithmic reinforcement and per-
ceived influence on symptom attribution. The most prevalent
indicator was intensified exposure after interaction: 71% re-
ported that clicking on or interacting with a mental health post
increased similar content in subsequent feeds. A large major-
ity (69%) reported repeated appearance of the same diagnosis
category (e.g., anxiety/ ADHD/trauma). Social proof was par-
ticularly prominent: 74% reported using likes/comments as a
credibility cue. Exposure to distress content repeatedly in
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feeds was reported by 63%, while symptom checklist formats
(“signs you have...”) were reported by 58%. Identity framing

narratives (“ADHD brain,” “you are traumatised”) were re-

ported by 47%.

Table 3. Algorithm exposure indicators and perceived influence on symptom attribution and diagnostic identity framing.

Algorithm exposure indicator % reporting exposure

Repeated appearance of the same diagnosis

category (e.g., ADHD/anxiety/trauma) 69
“For You” feed showing distress content 63
repeatedly

Social proof (likes/comments as credibility 74
cue)

Symptom checklist videos (“signs you 58
have...”)

Identity framing (“you are trauma- 47
tised/ADHD brain”)

Intensification after interaction (clicking 71

once increases similar content)

KlIs converged with these results in describing recurring di-
agnostic narratives among youth and increased self-monitoring
following repeated exposure. Platform scan findings further
supported the quantitative results by documenting rapid cluster-
ing of mental health content once users engage with related
posts and frequent amplification of diagnostic certainty in com-
ment sections (e.g., “this is me,” “now I understand why I am
like this”). Across sources, algorithmic recurrence and social
proof were consistently identified as the strongest cues that in-
creased perceived relevance of symptom labels.

3.4. Ethical Risks, Safeguarding Gaps, and
Governance Mechanisms

Ethical risks were reported frequently and were evident
across both survey and qualitative evidence. Table 4 summa-
rises reported risk exposure prevalence and contextualises

Perceived psychological effect

Increased perceived relevance of
labels; diagnostic anchoring

Rumination loop and heightened
self-monitoring

“If many agree, it must be true”;
confirmation bias

Self-assessment using non-clini-
cal criteria

Mental health identity adoption
and label fixation

Reinforcement cycle strengthen-
ing exposure

Platform scan evidence

Mental health clusters form
rapidly after likes/comments

Short-form feeds show topic
persistence

Comment sections validate
self-diagnosis
High-engagement symptom-list
formats common

Label-as-identity narratives
prominent

Recommendation clustering
consistent

each risk using KII and platform scan evidence. The most
common reported governance gap was weak crisis escalation
and referral prompting: 61% reported encountering situations
where distress-related content lacked clear pathways to help-
lines or professional support. Misinformation exposure was
also high (57%), particularly within TikTok and YouTube
content environments. Privacy leakage risks were substantial
(44%), especially in WhatsApp and Facebook group settings
where forwarding and screenshots were commonly described.
Unregulated pseudo-counselling and boundary violations
were also reported (39%), particularly in DM-based environ-
ments (Instagram/Telegram). Predatory exploitation risks
were reported by 28%, especially within anonymous confes-
sion spaces and DM interactions. Cyberstigma and public
shaming appeared frequently (33%), often linked to public
comment threads.

Table 4. Ethical risks and safeguarding gaps in youth digital help-seeking ecosystems. prevalence and qualitative evidence.

Ethical risk / govern-
ance gap

% youth report-
ing exposure

High-risk plat-
forms/spaces

Misinformation / harmful

. . 57 TikTok, YouTube
coping scripts
Privacy leakage (screen-
. 44 hatsApp, FB
shots, forwarding) WhatsApp, groups
1 -
Unregulated pseudo 39 IG DMs, Telegram

counselling
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Qualitative evidence (KII synthesis) Safeguarding priority

Verified content +
accuracy labelling

“Youth are given confident but
inaccurate advice.”

“Disclosures are used for shaming;
youth retreat.”

Group norms + reporting
pathways

“Someone claims therapist status no
accountability.”

Professional boundary
standards
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Ethical risk / govern-
ance gap

% youth report-
ing exposure

High-risk plat-
forms/spaces

Predatory exploitation

(coercive DMs) 28

Cyberstigma / shaming in
comments

TikTok/IG comments

Weak crisis escalation /

referral prompts All platforms

Qualitative evidence reinforced the ecosystem nature of
these risks. KIIs highlighted that informal peer support spaces
may be treated as “safe,” but disclosure leakage practices (for-
warding, screenshots) increase vulnerability to shame and
cyberbullying. Key informants also emphasised that pseudo-
support accounts sometimes mimic counselling identities
while operating outside professional regulation. Document
analysis further indicated that although international digital
health guidance and online research ethics standards exist,
youth-specific safeguarding integration (e.g., crisis prompts,
structured referral links) remains inconsistently implemented
within everyday mainstream platform contexts.

4. Discussion

4.1. Digital Help-seeking as a Distributed
Psychosocial Support System

The results demonstrate that youth psychosocial help-seek-
ing in Kenya is best understood as a distributed, informal,
multi-platform support system rather than a bounded “digital
mental health intervention.” The dominance of mainstream
platforms in Table 1 and the pathway architecture in Figure 1
align with international evidence that young people frequently
seek mental health information and emotional support online
because it is immediate, private, and socially accessible, par-
ticularly where offline stigma and service barriers persist [39].
This broader pattern has been repeatedly observed in system-
atic synthesis showing that online help-seeking offers ano-
nymity, convenience and self-reliant coping pathways but of-
ten lacks structured escalation to formal services [39, 40]. Our
findings extend this evidence by identifying the specific path-
way logic within the Kenyan context: youth commonly begin
with symptom searching, then shift into algorithm-mediated
spaces where diagnostic labels become identity narratives and
credibility is socially constructed.

A central implication of the current findings is that the dig-
ital ecosystem youth rely on is not designed as a care infra-
structure; rather, it is a commercial attention infrastructure. In
such systems, help-seeking behaviour is shaped by platform
affordances and recommendation engines that reward emo-
tional salience and engagement. This helps explain why the

Confession pages, DMs

71

Qualitative evidence (KII synthesis) Safeguarding priority

Anti-DM safeguarding
rules

“Support becomes emotional groom-
ing.”

Comment moderation +

“Public ridicule worsens distress.” .
stigma-free rules

Crisis prompts + helpline
integration

“No pathway to helplines when youth
are high-risk.”

crisis-to-professional pathway remained weak in Table 1 and
why governance gaps in Table 4 were prominent. The results
therefore suggest that Kenya’s digital youth psychosocial
landscape should be framed not only as an opportunity for in-
novation but also as a high-exposure risk environment requir-
ing safeguarding, credibility, and referral mechanisms.

4.2. Pathways and Self-diagnosis: Sense-making
Under Constraint

Table 1 shows that self-diagnosis is widespread and
strongly associated with search-led entry points, while feed-
led entry points are strongly associated with diagnostic iden-
tity framing. These patterns correspond closely with evidence
that online help-seeking frequently begins with symptom
searching and self-triage when stigma, cost, and confidential-
ity concerns limit offline disclosure [39]. In many settings,
search engines serve as the first interpretive gateway during
distress, providing rapid psychoeducation and “possible ex-
planations” that may reduce uncertainty. However, the Ken-
yan findings emphasise that this process is rarely linear; youth
frequently shift from factual information spaces
(Google/YouTube) into highly socialised narrative environ-
ments (TikTok/Instagram/WhatsApp), indicating that help-
seeking evolves from informational needs into identity and be-
longing needs.

Mechanistically, self-diagnosis can be interpreted as an
adaptive attempt to achieve cognitive clarity. Distress often
produces uncertainty, heightened arousal and attentional nar-
rowing conditions in which information seeking functions as
uncertainty reduction and perceived control restoration [41].
In this model, diagnostic labels provide coherence: they trans-
form ambiguous distress into a recognisable “category,”
which can reduce isolation and validate feelings. Yet the KlIs
suggest a common downside: diagnostic anchoring, where
youth interpret diverse stressors through a single disorder nar-
rative. This aligns with broader cognitive evidence that people
under uncertainty may rely on simplified explanatory frames,
strengthening confirmation bias and narrowing interpretive
possibilities [42]. It also resonates with evidence that online
narratives can shift symptom interpretation through availabil-
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ity heuristics what is repeatedly encountered becomes cogni-
tively accessible and therefore subjectively “true” [43]. Thus,
self-diagnosis may improve vocabulary for distress and en-
courage reflection, while simultaneously increasing risks of
misattribution, over-pathologising normal stress, or delaying
appropriate care.

The strong association between TikTok/Instagram path-
ways and diagnostic identity framing (72%) reflects a distinc-
tive contemporary dynamic: labels do not only describe symp-
toms; they can become identity scripts. This is consistent with
emerging research on TikTok and other short-form platforms
demonstrating that mental health labels are often communi-
cated through high-resonance narratives and checklist formats
that encourage self-identification, despite substantial variation
in information quality [44]. For Kenyan youth, the identity
framing function is likely amplified by the social meaning of
distress in contexts where vulnerability can be moralised or
stigmatised. If offline norms discourage open disclosure,
online identities may offer alternative moral communities
spaces where distress is not judged but recognised. This ex-
plains why identity framing is strongest in feed-led entry
routes where peer validation and social proof are embedded.

4.3. Affect Regulation as the Engine of
Repeated Engagement

Table 2 demonstrates that affect regulation motives domi-
nate online help-seeking. Reassurance seeking, belonging and
narrative coherence were consistently rated highest, while
professional referral motivation was low. This finding clari-
fies an important point: youth are not simply using the internet
as a health library; they are using it as an emotion regulation
tool. This corresponds with a large body of psychological the-
ory and evidence indicating that emotion regulation is central
to coping, and that individuals actively select strategies that
reduce arousal and improve perceived stability during distress
[41]. In digital contexts, searching and scrolling may function
like rapid-access coping: it creates immediate relief, reassur-
ance and containment, even if short-lived.

Figure 2 synthesises this mechanism as an affect regulation
loop: distress triggers online engagement; online engagement
yields relief and belonging; relief reinforces repeated engage-
ment. This loop is consistent with reinforcement learning
models in which short-term reward strengthens future behav-
iour. It also mirrors evidence from adolescent digital behav-
iour research showing that emotionally salient content and so-
cial feedback (likes/comments) can reinforce repeated check-
ing and engagement [43, 45]. In the Kenyan context, where
in-person counselling access remains uneven, reinforcement
cycles may be especially potent: if online engagement is the
most accessible “relief resource,” it becomes a default coping
mechanism.

The platform scan adds further detail: high-engagement
posts frequently use symptom-checklist frames and emotion-
ally triggering narratives (“signs you are traumatised’), which
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may intensify attentional capture. This aligns with research
showing that emotional salience shapes what users remember
and return to, increasing repeated exposure and reliance on the
same interpretive frames [43]. The implication is not that
youth digital engagement is inherently harmful; rather, it sug-
gests that the same psychological drivers that make online
help-seeking attractive (relief, belonging, reassurance) also
make youth susceptible to cycles of rumination, symptom
monitoring, and content dependency particularly when algo-
rithmic systems repeatedly feed similar content.

4.4. Algorithm-shaped Symptom Attribution:
When Platforms Become Interpretive
Authorities

A distinctive contribution of this study is the empirical
mapping of algorithm-shaped symptom attribution. Table 3
shows that a majority of youth experienced intensified expo-
sure after interaction (71%), repeated diagnostic category ap-
pearance (69%), and reliance on social proof cues as credibil-
ity signals (74%). These findings reflect an emerging but in-
creasingly important reality: algorithmic systems do not only
“deliver content”; they shape interpretive environments, influ-
encing which symptom narratives feel most plausible and
which labels become salient.

In cognitive terms, repeated exposure increases familiarity,
and familiarity increases perceived truthfulness (the illusory
truth effect). When distress content repeatedly appears in a
feed, youth may interpret it as evidence of relevance (“it keeps
appearing so it must be true”), thereby strengthening diagnos-
tic certainty. This mechanism aligns with wider evidence that
adolescents interpret health content through a blend of heuris-
tic and social cues rather than formal verification processes
[46]. Social proof further magnifies the effect: if peers validate
a label (“this is me”), the label gains legitimacy not through
evidence but through community endorsement.

The KII evidence suggests that this process can promote
confirmation bias and self-monitoring. Youth may begin scan-
ning themselves for symptoms they repeatedly see, and ordi-
nary stress experiences may become reinterpreted as chronic
pathology. Contemporary work on youth digital lives shows
that social platforms transform peer relations and feedback
structures, intensifying social comparison and shaping iden-
tity work [45]. Within mental health content ecosystems, iden-
tity work can become diagnosis work: labels become “who I
am” rather than “what I am experiencing.” This is consistent
with systematic synthesis of TikTok mental health use show-
ing that content can improve awareness and relatability, while
quality variability and oversimplified framing create risks of
misleading guidance and inaccurate symptom attribution [44].

Algorithmic systems were not directly interrogated or re-
verse-engineered; platform influence was examined through
self-reported exposure patterns and observable content clus-
tering, consistent with ethical guidance for internet-mediated
research.
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4.5. Ethical Risks and Safeguarding Gaps:
Predictable Ecosystem Harms

Table 4 shows high prevalence of misinformation (57%), pri-
vacy leakage (44%), unregulated pseudo-counselling (39%),
and weak crisis referral integration (61%). These risks were not
peripheral; they were routine exposures. This corresponds with
global findings that online help-seeking is simultaneously ben-
eficial and risky: young people gain anonymity and support but
face credibility challenges, privacy vulnerability, and difficulty
transitioning to offline care [39, 40]. The Kenyan context may
amplify these risks due to fragmented regulatory frameworks
for digital counselling and limited integration of formal referral
pathways into mainstream platforms.

Privacy leakage in WhatsApp and peer spaces reflects a
core paradox. Youth seek these spaces for safety and confi-
dentiality, yet these platforms often lack enforceable confi-
dentiality protections, making users dependent on social trust
rather than technical safeguards. Privacy violations (screen-
shots, forwarding) can rapidly transform disclosure into harm,
including cyberbullying and shame-based stigma. These
harms can have long-term consequences, including reduced
future help-seeking and increased withdrawal.

Unregulated pseudo-counselling and predatory exploitation
risks reveal another structural vulnerability: direct messaging
affords intimate support exchanges but also enables manipu-
lation. Without clear boundary standards and verification cues,
youth may struggle to distinguish supportive peers from ex-
ploitative actors. This aligns with ethical guidance for inter-
net-mediated research and youth online safety, which empha-
sises that vulnerability increases when private spaces are un-
moderated and safeguarding is weak [47, 48].

The weak crisis escalation/referral prompts (61%) is per-
haps the most actionable governance gap. Evidence from so-
cial media mental health campaigns suggests that engagement
alone does not guarantee effective help-seeking outcomes;
platform dynamics shape whether content leads to behavioural
escalation or passive consumption [49]. If crisis prompts and
referral pathways are absent, high-risk users may remain
trapped in peer reassurance loops rather than connected to pro-
fessional support.

4.6. Toward Ecosystem Governance, Not Only
“New Apps”

A key implication is that Kenya’s youth digital psychoso-
cial wellbeing cannot be addressed only by developing new
digital interventions, although these remain valuable. Evi-
dence from Kenya-based interventions demonstrates that
structured psychosocial programs can reduce depressive and
anxiety symptoms and are scalable in school contexts [50].
However, the current study shows that most youth are already
living within mainstream platform ecosystems. Therefore, the
primary strategy should be ecosystem governance: embed
credibility cues, referral links, and safeguarding protocols into
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the platforms that structure everyday youth help-seeking.

This includes (i) strengthening verification and quality la-
belling for creators presenting mental health content; (ii) es-
tablishing minimum standards for online counselling bounda-
ries and disclosures; (iii) creating group-level accountability
mechanisms in peer spaces; and (iv) integrating youth-
friendly helpline prompts into search results and high-risk al-
gorithm clusters. Such approaches align with global recom-
mendations for safer online environments and youth mental
health risk prevention in the digital age [51, 52].

5. Conclusion

This study demonstrates that digital help-seeking among
Kenyan youth functions as an informal, multi-platform psy-
chosocial support ecosystem rather than a single intervention
pathway. Youth typically begin with search-led self-triage and
transition into feed-led narrative spaces, where diagnostic la-
bels become socially validated identity frames. Online en-
gagement is sustained primarily by affect regulation motives
reassurance, belonging, and narrative coherence reinforced
through short-term emotional relief and algorithmic clustering.
Algorithm-shaped symptom attribution is widespread, with
repeated exposure and social proof acting as credibility ampli-
fiers that intensify diagnostic anchoring and self-monitoring.
Ethical risks operate as predictable ecosystem-level vulnera-
bilities, with high exposure to misinformation, privacy leak-
age, pseudo-counselling, and weak crisis escalation/referral
integration. Together, the results highlight the need for eco-
system governance and safeguarding embedded within main-
stream platforms youth already use, rather than relying exclu-
sively on new digital mental health applications.

6. Recommendations

To strengthen youth psychosocial safety and effectiveness
of digital help-seeking pathways, Kenya should prioritise plat-
form-integrated referral signposting, including helpline
prompts and service navigation embedded within search out-
puts and high-risk content clusters. To address affect regula-
tion-driven cycles, interventions should promote youth digital
resilience tools (credible coping libraries, guided self-check
prompts, and youth-friendly psychoeducation) that interrupt
reassurance loops without removing supportive access. To re-
duce algorithm-shaped symptom misattribution and identity
fixation, stakeholders should implement credibility enhance-
ments such as verified creator tags, content quality labelling,
and partnership models that elevate evidence-based psy-
choeducation while discouraging “diagnosis-by-content” nar-
ratives. Finally, to mitigate ethical risks and governance gaps,
Kenya should develop minimum standards for online counsel-
ling boundaries and disclosures, strengthen moderation and
admin accountability norms in peer spaces (especially
WhatsApp groups), integrate privacy protection messaging
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into youth-facing platforms, and establish safeguarding proto-
cols for minors including crisis escalation prompts and anti-
exploitation protections in DM-based environments.
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