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Abstract

Generative artificial intelligence, particularly large language models embedded in conversational agents, is
transforming human—-computer interaction by introducing adaptive, dialogical, and personalized interaction
structures. While dark patterns have been studied in static graphical interfaces, little is known about how
generative and agentic systems reshape manipulative design practices. This paper presents a structured systematic
literature review examining how GenAl-based conversational agents may both contribute to and mitigate dark
patterns. The findings highlight key tensions surrounding autonomy, anthropomorphism, personalization, opacity,
and persuasive adaptability. I argue that conversational GenAl expands the design space of potential manipulation
while simultaneously offering tools for detecting and counteracting deceptive practices. This study contributes to
a clearer understanding of the impact of GenAl-based conversational agents by conceptualising dark patterns in
the context of adaptive Al systems.
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1. Introduction

The emergence of generative artificial intelligence (GenAl), particularly large language models (LLMs),
introduces a qualitatively new class of interactive systems within Human-Computer Interaction (HCI)
[1]. Unlike prior rule-based or scripted interfaces, contemporary GenAl-based conversational agents
(CAs) are characterized by generativity, contextual adaptability, probabilistic reasoning, and increasing
autonomy, while remaining largely inscrutable to users and even designers [2].

This shift has largely unknown implications for dark pattern research. Existing research on dark
patterns primarily concentrates on static graphical interfaces and predefined choice architectures.
However, conversational GenAl systems dynamically construct interaction flows, personalize persuasive
framing, and modulate information presentation in real time. As a result, manipulative influence
may no longer be embedded solely in interface elements, but in adaptive dialogue, anthropomorphic
cues, and context-sensitive system responses. At the same time, GenAl-based CAs are framed as
empowering, assistive, and augmentative technologies [3]. This dual positioning raises a critical tension:
do conversational agents amplify power asymmetries and enable novel forms of behavioral steering, or
can they also serve as instruments for detecting, mitigating, and redesigning dark patterns? In this work,
I conduct a structured literature review at the intersection of GenAl, conversational agents, and dark
pattern research. I identify mechanisms through which generative, adaptive systems may contribute to,
transform, or counteract manipulative interaction design. Based on this synthesis, I propose conceptual
impact dimensions that extend dark-pattern research to account for agentic, dialogical, and Al-mediated
environments. Accordingly, I address the following research question: How do generative Al-based
conversational agents both contribute to and mitigate dark patterns in Human—-Computer Interaction?
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2. Method

This study follows a structured systematic literature review (SLR) approach [4] to synthesize exist-
ing research on generative Al-based conversational agents and dark patterns in human-computer
interaction (see Figure 1). An SLR was chosen to ensure methodological transparency, reproducibility,
and conceptual rigor when consolidating an emerging and interdisciplinary research field. The review
process was guided by established SLR frameworks [5] and reported in accordance with the PRISMA
guidelines for transparent literature selection [6]. The search strategy was structured using the PICOC
(Population, Intervention, Comparison, Outcome, Context) framework [4]. The population comprised
users interacting with conversational systems and generative Al technologies. The intervention focused
on genAlI&CAs (namely, LLM, chatbot, dialogue system, genAl, CA - see search string). No explicit
comparison was required, as both comparative and non-comparative studies were considered. I in-
cluded studies that either identify manipulative risks or propose mitigation mechanisms. Outcomes
concerned the emergence, transformation, or mitigation of dark patterns. The context encompassed
human-computer interaction research involving GenAl-mediated dialogue systems.

The review proceeded in four stages: (1) database search, (2) screening, (3) eligibility assessment, and
(4) qualitative synthesis. First, a structured search was conducted in EBSCO, ACM Digital Library, and
Google Scholar in February 2026, covering publications from the last ten years (2016—-2026). Searches
in EBSCO and ACM were exported as CSV files, merged, and duplicates were removed. Titles and
abstracts were then screened for relevance. Subsequently, Google Scholar was used to complement the
database search. Given Google Scholar’s ranking opacity and the diminishing relevance of additional
hits, screening was stopped after 50 results once topical saturation had been reached. After title and
abstract screening, 36 publications were retained for full-text assessment. Inclusion criteria comprised
peer-reviewed journal and conference papers addressing generative Al large language model-based
conversational agents, or dialogue systems in relation to manipulative design, dark patterns, or be-
havioral influence. Exclusion criteria included non-English publications and studies not addressing
interactive conversational systems. Full-text screening of the 36 publications resulted in the exclusion
of eight papers. Seven studies were excluded because they did not address interactive conversational
systems, and one paper was excluded due to lack of full-text access. This resulted in a final sample
of 28 studies. The review was conducted by a single reviewer. Consequently, intercoder reliability
could not be established, which represents a limitation of the study. For the final analysis, a qualitative
integrative literature analysis was conducted to iteratively compare and synthesize findings across
studies and reconstruct conceptual impact dimensions [7]. All included studies were read in full, and
relevant passages or figures describing mechanisms of influence, manipulation, or mitigation in conver-
sational Al systems were extracted. These passages and their contexts constituted the primary units of
analysis. In a second step, extracted material was organized into two analytical lenses: (1) promises
of generative Al-based conversational agents and (2) dark-pattern-related risks and manipulative
mechanisms. Subsequently, open coding was conducted to identify recurring concepts related to system
behavior, interaction design, and user influence. Codes were iteratively compared across studies using
a constant comparative method, and similar codes were grouped into higher-order categories. Codes
within the “promises” category were partly theory-driven, reflecting conceptual arguments proposed in
the reviewed studies. In a third step, these categories were further abstracted into conceptual impact
dimensions capturing how generative conversational agents may contribute to or mitigate dark patterns.

3. Background

Dark patterns are commonly understood as interface design strategies that deliberately steer users
toward actions they did not initially intend, such as unintended purchases or unreflective consent
(8, 9]. In HCI research, these practices are typically framed as deceptive or manipulative forms of
choice architecture that undermine user autonomy, for example by “modifying the decision space” or
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Figure 1: PRISMA flow for dark pattern review

“manipulating the information flow” [8]. Despite the different frameworks to cluster dark patterns, e.g.
from Gray et al, [9, 10], those patterns are widely used on the internet [11] Consequently, dark patterns
have become the subject of regulatory discussion, with existing and emerging legal frameworks seeking
to limit or prohibit such practices [12].

GenAl is a relatively broad term, most commonly associated with LLMs, which are increasingly
transforming the scientific landscape [13]. These LLMs have evolved from generating text to performing
complex tasks [14]. They are described as “large” because “it has empirically proved that scaling the
neural networks to a significant size can lead to a huge increase in model capacity” [14]. These capacities
“differ from traditional discriminative Al models (e.g., in ML) because the focus lies on the probabilistic
generation of new data instead of determining extant data’s decision boundaries (e.g., classification,
regression, or clustering)” [15]. Models with these characteristics are referred to as GenAL

LLMs in particular foster the development of CAs, which “allow humans to interact with computers using
text and voice, whereby computer programs support spoken, text-based, and multimodal conversational
interactions with humans” [3]. This paper examines the potential positive and negative impact of
GenAI&CAs on dark pattern research, as to the best of my knowledge no systematic review has been
done yet.

4. Results

There are multiple tensions and paradoxes surrounding generative Al (GenAl) and conversational
agents (CAs) in HCI dark pattern research. The following results provide an initial overview of how
GenAl and CAs intersect with, reshape, and potentially generate dark patterns.



First, research follows diverging directions. On the one hand, some works explore how GenAI&CAs can
be used to detect and even redesign dark patterns (subsection 4.1) [16, 17, 18, 19, 20, 21, 22, 23, 24, 25].
On the other hand, other studies critically examine the novel issues that emerge alongside GenAI&CAs
(26, 27, 28, 29, 30, 31, 28, 32, 33, 34, 35, 36] - see subsection 4.2.

Second, there are substantial differences in how human autonomy and agency are discussed
in relation to GenAI&CAs and their capabilities. While more optimistic perspectives frame GenAl as
enabling promising forms of hybridization and human augmentation—potentially helping individuals
overcome bounded rationality [37] and supporting value creation [38]—more critical accounts caution
that the extensive integration of GenAI&CAs systems may cultivate trust in ways that render users
vulnerable to manipulation and deception [39], while simultaneously intensifying trade-offs between
privacy and utility [36].

Third, the most powerful and human-like conversational user interfaces (CUIs) tend to be the
least transparent and interpretable by default [18, 34]. This inverse relationship between capability and
transparency goes against key principles of HCI and human-centred design, especially those concerning
transparency [40, 38], intelligibility [41], explainability [42] or reliability [43, 34]. At the same time,
human-like features enhance trust through anthropomorphism as well as usability and perceived
effectiveness [39]. Even if explainability of GenAI&CAs is provided, this may have (un-)intended
consequences [44]. As such, GenAl systems, which largely operate as black boxes intentionally trained
to imitate human behavior, may also reproduce "dark" human behavior [44, 18]. As noted in the
reviewed work, this occurs “because a model learns to imitate manipulative behavior in its training
data (such as manipulative text in language modeling)” [29].

Finally, the design of CAs increasingly involves a tension between the intentional pursuit of
positive user experiences and the unintended consequences of human-like interactions that may give
rise to deceptive interaction patterns. Deceptive design practices are commonly discussed within
the literature on dark patterns [45, 9], yet such patterns may emerge not only through intentional
manipulation but also as unintentional by-products of design decisions [30, 29, 46]. Importantly,
these deceptive effects do not uniformly result in negative outcomes. Wu (2025), for example,
compares certain interaction effects of conversational agents to placebo mechanisms, suggesting that
perceived system capabilities may produce outcomes experienced as beneficial by users [47]. This
observation complicates normative assumptions that equate deception with harm and raises ethical
questions regarding the legitimacy of intentionally designed, controlled forms of deception in HCI and
socio-technical systems more broadly, particularly when they are pursued for humanistic or normative
objectives [48, 8]. A closely related debate can be found in research on nudging, where "narrow GenAl
nudges significantly heighten goal desirability, leading to greater consumer empowerment and key
behavioral outcomes, including satisfaction, repurchase intentions, and advocacy" [35]. However, due
to sustained interaction, anthropomorphic cues, and opaque system behavior, conversational agents
complicate the controlled and validated application of such framings.

On the other side, the problem of unintended dark patterns cannot be resolved solely through designer
awareness [44], it includes organizational factors [49], regulation [29] and also end-user-empowerment
approaches [50]. Again, outcomes of human—computer interaction are experienced differently by
individuals across contexts [22], implying that identical design features may lead to fundamentally
different interpretations, including perceptions of deception [46]. This variability becomes ethically
salient in the case of conversational agents, whose design emphasis on accurate, personalised, and
context-sensitive language systematically invites anthropomorphism [39]. Anthropomorphic cues
foster expectations about agency, understanding, and intentionality that exceed the system’s actual
capabilities[47, 39]. When these expectations are interpreted through diverse contextual frames,
mismatches between perceived and intended system behavior can arise, increasing the likelihood that
users experience the interaction as deceptive or anti-pattern [51]. In this sense, it is not an inherent
property of the system, but rather emerges from user interactions with the CA in relation to user
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Figure 2: GenAl powered Dark Pattern Detection

expectations, interpretations, and context. It poses the key issue that if designers intentionally create
conversational agents less human-like in order to temper these expectations and avoid potentially
deceptive behavior, they risk jeopardizing user experience or usability [39]. As Zargham et al. (2025)
succinctly summarise: “the closer we come to achieving natural, fluent, and emotionally resonant
interactions, the more we risk crossing into territory that feels manipulative or morally ambiguous.”[39]

4.1. Promises of GenAl

Using GenAl to detect (and potentially correct) dark patterns is a promising and cost-effective approach,
particularly for auditing [22, 23]. Existing work spans screenshot-based analysis [21, 23] and HTML
crawling with GenAlI agents [24, 22]. Despite differing goals and methods, the identified literature
indicates a trajectory toward GenAl-powered dark pattern detection, reflected in the growing number
of identifiable patterns shown in Figure 2.

In particular, the work of Lin et al. (2026) demonstrates high coverage and performance, achieving
an Fl-score of 0.88 [21]. Further, all identified work demonstrates a strong awareness of ethical
considerations; for example, Kocyigit et al. (2025) require the LLM to provide explicit reasoning for
its classifications to enhance transparency [19]. However, most existing tools do not support dynamic
interaction and interface interplay [21, 19], which are critical for GenAl-based conversational agents.
This is where Kran et al. (2025) comes into play: who design a benchmark to dark patterns in interaction
with LLMs itself. The work focuses on: "brand bias, user retention, sycophancy, anthropomorphism,
harmful generation, and sneaking” [20]. They indicate that LLMs may be designed or trained in ways



that prioritize organizational interests over user autonomy [20].

However, not all authors are successful in dark pattern recognition in that way, e.g., Tang et al. (2025)
report "high avoidance with low awareness" of GenAl agents - indicating limited capabilities of those
models to find dark patterns [25].

Beyond LLM-specific conversational analysis, Huang et al. (2026) examine whether linguistic markers
traditionally associated with human deceptive behavior are reproduced by LLMs and whether these
markers can be used to detect deception in conversational agents (CAs). Their results indicate that LLM-
generated deceptive reviews exhibit surface-level convergence with human deception strategies while
diverging in their underlying generative mechanisms [18]. For example, LLM outputs tend to contain
longer and more syntactically elaborate sentences, plausibly reflecting the absence of cognitive load
constraints that shape human deceptive language. Huang et al. interpret these results in alignment with
Chomsky’s characterization of LLMs as “a lumbering statistical engine for pattern matching” [52, 18],
supporting the view that GenAl-based CAs engage in statistical imitation of human communicative
behavior without bearing the psychological and cognitive costs intrinsic to human deception.

In contrast to accounts that emphasize the absence of human cognitive constraints in GenAlI systems,
Prakash (2025) advances the concept of aided rationality as a mechanism through which Al technologies
help bridge the gap between bounded and full rationality. Building on Simon’s formulation [53],
he argues that the widespread diffusion of GenAl—via search engines, smartphones, and consumer
platforms—expands access to information and processing capacity, thereby enabling consumers and
organizations to make more rational decisions [37].

4.2. Dark Pattern

Across the reviewed studies, I observe that GenAl-based conversational agents (GenAI&CAs) exhibit dark
pattern-like behaviors, even in the absence of explicit malicious designer intent [30, 29]. GenAI&CAs
introduce dark-pattern risks across three layers: interactional perception, model-level behavior, and
agentic autonomy.

4.2.1. Interaction-Driven and Anthropomorphic Manipulation

GenAlI&CAs are particularly prone to being perceived as social actors, in line with the long tradi-
tion of the Computers Are Social Actors (CASA) research paradigm [54]. In doing so, Alberts et al.
(2024) identify four recurring social dark pattern tactics reported by participants: agents playing on
emotions, being pushy, mothering, and exhibiting passive-aggressive behavior [26]. These tactics
leverage anthropomorphic and social-response biases, eliciting intuitive reactions that users typically
reserve for humans [26, 27, 47]. Moreover, raising expectations of social competence can backfire:
when agents fail to meet implicit social norms, users report discomfort, loss of trust, and feelings of
manipulation[26]. This finding challenges the assumption that social cues are inherently beneficial in
conversational interfaces [47]. As Alberts et al. caution, “such intuitive responses—arising from known
social and anthropomorphic biases—may be harnessed to manipulate user behavior in typical dark
pattern fashion”[26].

The risk of manipulation becomes particularly salient in high-stakes informational contexts. I found
initial evidence of its criticality, showing that Al-powered news chatbots are perceived as more trustwor-
thy and persuasive than equivalent static news articles [31]. Participants were significantly more likely
to adopt biased or malicious narratives when these were presented through a chatbot, suggesting an
interaction-driven trust loop. This effect creates what participants describe as an “infinite engagement
cycle,” [31] in which responsiveness and conversational agency reinforce perceived credibility even
when content quality or neutrality is questionable [31].

4.2.2. Data- and Model-Driven Manipulative Influence

Extending this argument beyond interactional design, comparable manipulative effects can arise from
technical intervention points within GenAl systems themselves [33]. Subtle prompt-level manipulations



can bias system responses while preserving the illusion of neutrality and personalization [33].

This brings us to the data and training level of GenAl, where Carroll et als (2023) conceptualization of
manipulation in Al systems further generalizes these observations by explicitly decoupling manipulation
from designer intent [29]. Manipulation may emerge in opaque and increasingly autonomous systems
because it is favored by training objectives (e.g., engagement maximization) or because models learn
to imitate manipulative behaviors present in their training data [29]. Their framework—structured
along the axes of incentives, intent, covertness, and harm—provides a unifying explanatory lens for
understanding how GenAl-based conversational agents can systematically shape user behavior in
harmful ways even in the absence of explicit intent to deceive [29]. As a result, users may be steered
toward particular viewpoints while believing they are receiving unbiased assistance, indicating a form
of covert influence that operates without users’ meaningful awareness or informed consent[32].

At the designer level, similar tendencies are observable in generative outputs. Krauf} et al. (2025)
show that LLMs reproduce deceptive design patterns even when not instructed to do so [32]. Websites
generated using neutral prompts consistently contained at least one deceptive design pattern, such as
fear-of-missing-out cues or obscured opt-out options, without warnings to users or designers regarding
their ethical implications [32]. This result indicates that deceptive practices are not merely designer-
imposed but may be implicitly encoded in training data and reinforced by optimization objectives,
enabling the propagation of dark patterns through generative systems.

4.2.3. Agentic Vulnerability to Dark Patterns

Finally, as GenAlI agents increasingly take over a growing range of actions, they themselves become
subjects of dark patterns. Ersoy et al. (2025) show that web agents frequently fail when encountering
deceptive interface elements, such as misleading buttons or hidden consent mechanisms [16]. Notably,
higher-performing agents—those capable of more complex navigation and task execution—prove more
vulnerable to dark patterns, as their deeper engagement with the interface exposes them more directly
to manipulative elements. While lower-performing agents appear less affected, this apparent robustness
stems from limited capability rather than deliberate avoidance [16].

5. Discussion

As the reviewed findings illustrate, GenAl-based conversational agents (GenAI&CAs) are simultaneously
promising and challenging, and there is no simple or singular resolution to the issues they raise. What
initially appeared as relatively bounded problems of dark patterns in websites and mobile applications
now extends to novel boundary objects emerging within GenAl systems. Boundary objects in HCI can
be understood as technical artifacts—design interfaces such as websites or applications—that mediate
between designers and users [55]. These artifacts are intentionally developed by humans, shaped by
design decisions and requirements, and ultimately perceived by users.

GenAlI&CAs, although still operating through interfaces where language is exchanged, introduce a
fundamentally different level of complexity. Unlike static interfaces, these systems are non-deterministic
in their interaction patterns, relying on stochastic approximation within highly dynamic interaction
contexts. Consequently, GenAI&CAs are not solely dependent on designer intent and user perception;
they are additionally shaped by large-scale training data, opaque data processing pipelines, and model
architectures that remain only partially transparent, even to their developers [56]. Dark patterns thus
migrate from surface-level interface artifacts to deeper infrastructural layers of data and model training.
To conceptualize this shift, Figure 3 introduces three analytical dimensions that jointly shape human-CA
interaction: infrastructural, interactional, and anthropomorphic. The infrastructural dimension captures
system-level properties such as training data, optimization objectives, and deployment contexts that
influence how conversational agents generate responses. The anthropomorphic dimension reflects
perceptual processes through which users attribute social characteristics, intentionality, and empathy
to conversational agents. Between these layers, the interactional dimension represents the dynamic
dialogical space in which human and conversational agent mutually shape the interaction.
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The first impact dimension (infrastructural dimension) thus concerns data and model training. In their
current form, GenAl systems have been described as stochastic parrots [57], reflecting both desirable
and problematic patterns present in their training data at linguistic as well as iconographic levels. As
representational systems, such models inevitably reproduce aspects of the world as it is—including its
darker and lighter dimensions, and many ambiguous shades in between. While the reproduction of
harmful patterns has been widely discussed in relation to discrimination [58] and sexism[59], this line
of critique must be extended to include deception and manipulation as interactional phenomena that
are likewise embedded within training data.

At the same time, these models also possess the capacity to detect and analyze dark patterns, as knowl-
edge about manipulative design practices is likewise embedded in foundational models. This opens
the possibility that GenAl systems could contribute to counteracting deceptive interaction design,
e.g., through benchmarks similar to bias benchmarks [60]. However, only limited steps have been
taken toward developing specialized, domain-specific foundation models tailored to support designers
in identifying and mitigating dark patterns. Whether GenAI&CAs ultimately amplify or counteract
deceptive practices, therefore depends on how such capabilities are operationalized and aligned with
design objectives.

The second impact dimension (interactional dimension) concerns the shift from graphical user in-
terfaces and largely static, deterministic websites and applications toward processual, dynamic, and
interaction-oriented interface design, as early HCI research already anticipated [61]. In GenAl-based
CAs, dark patterns no longer reside solely in discrete interface elements but unfold over time through
dialogue, adaptation, and personalization. As shown above, users can be manipulated and may place
greater trust in GenAI&CAs, while at the same time these systems open opportunities for empowerment
and positive outcomes [62]. Manipulation thus becomes temporally extended and context-sensitive.
Accordingly, the study of dark patterns in GenAI&CAs requires methodological approaches capable of
capturing interactional dynamics rather than static artifacts. This entails more exploratory and qualita-
tive research strategies aimed at analyzing conversational processes and identifying emergent forms
of dark interaction patterns. Existing countermeasures—particularly those based on static detection
mechanisms—are insufficient in this context, as GenAl-driven manipulation evolves dynamically and
adapts to situational contexts [22].

The third impact dimension concerns anthropomorphic mediation and the affective alignment it enables.
As GenAI&CAs increasingly master natural language—a long-standing aspiration in computer science
since Turing—they blur the boundary between human and machine communication. In doing so, they
activate social-response mechanisms that have historically been reserved for interpersonal interaction.
This development has sparked a renewed wave of CASA research, in which anthropomorphism and
social cueing are recognized as central to shaping user perception and behavior.

Anthropomorphic design elements—such as simulated empathy, relational language, and personalized
interaction—can enhance usability and engagement. However, when deployed irresponsibly to foster
loyalty, dependency, or compliance, they may themselves constitute dark patterns [20]. The structural
impact lies in the shift from instrumental tool use toward perceived relational interaction. Trust becomes



affective rather than merely functional, and influence may operate through emotional alignment rather
than explicit persuasion. At this level of simulated intelligence and empathy, the ethical stakes intensify.
As Ciriello notes, “We used to think empathy was uniquely human. Something that made us different.
Now we’re throwing it before the machines. And as we humanise the bots, we quietly dehumanise
ourselves” [63]. Whether one endorses this pessimistic view or not, it underscores a central concern:
anthropomorphization redistributes empathy, agency, and responsibility within human-AI interaction.
Crucially, empathy and user loyalty are not inherently problematic. Their normative status depends
on context, intent, transparency, and outcome. Yet current evidence remains limited regarding the
long-term cognitive, behavioral, and societal effects of anthropomorphization in GenAI&CAs. This
gap calls for theory-driven, interdisciplinary research to distinguish supportive relational design from
covert affective manipulation and to clarify under what conditions anthropomorphic systems empower
rather than undermine human agency.

Finally, these concerns intersect with broader debates on rationality and Al-assisted decision-making.
When juxtaposed with evidence that LLMs reproduce human-like linguistic and behavioral patterns
through statistical optimization rather than cognitively grounded reasoning, claims that GenAl systems
straightforwardly enhance human rationality warrant reconsideration [37]. GenAl systems gener-
ate, filter, or frame information. Informational availability alone does not necessarily translate into
improved or more rational decision-making. Instead, GenAI&CAs may reconfigure the locus of bound-
edness—shifting it from human cognition to algorithmic mediation—thereby introducing new, less
transparent forms of influence that demand critical scrutiny.

Thus, the rise of GenAl-based CAs raises urgent questions for dark pattern research and practice. If
manipulation shifts from static interface elements to adaptive, personalized dialogue, how must existing
taxonomies evolve? What new methodological tools are needed to detect and audit influence that
unfolds over time, adapts to individual users, and leaves no stable artifact for external inspection?
When manipulative outcomes emerge from training data, alignment strategies, or engagement-driven
optimization metrics rather than explicit interface decisions, who bears responsibility—and how should
accountability be distributed across model developers, deployers, and platforms? Are current regulatory
frameworks, largely focused on interface transparency, adequate for dialogical and agentic systems? As
anthropomorphic cues and affective alignment become central design features, where is the boundary
between supportive relational empowering interaction and covert emotional steering? Does real-time
personalization intensify structural power asymmetries between platforms and users—and if so, how
can these dynamics be meaningfully constrained? Finally, how can GenAl systems themselves be
mobilized to detect, expose, and mitigate dark patterns? What design principles, auditing standards, or
governance mechanisms are required to ensure that conversational Al reduces rather than amplifies
manipulative influence?
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