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While emerging technologies open new opportunities, some people might find them ‘creepy’. Research on
‘creepy technologies’ has focused on identifying and quantifying the specific characteristics that make them
seem creepy. However, creepiness is subjective, and technologies seen as benign in one situation may
become creepy in another. We contribute an exploratory analysis of tweets containing the keyword ‘creepy
technology’ to identify how technological (e.g. what the technology can do) and contextual (e.g. application
areas) factors might influence the perception of creepiness.

Creepy Technology, Emerging Technology, Content Analysis

1. INTRODUCTION

Emerging technologies, even useful ones, can often
be perceived as intrusive (Pierce 2019), scary
(Byrne et al. 2022) or ‘creepy’ (Woźniak et al.
2021); McAndrew and Koehnke (2016) argue that
creepiness is “anxiety aroused by the ambiguity of
whether there is something to fear or not” (p.1). The
ways in which people perceive the risks and benefits
of new technologies can influence their acceptance
(Kohl et al. 2018; Skirpan et al. 2018), and so
these perceptions can stop the adoption of benign
and useful technologies, as well as warn users
against potential safety issues around technologies
that could cause harm.

Human-Computer Interaction (HCI) has studied the
concept of ‘creepy’ through a privacy lens, e.g.
in personalised advertisement or recommendation
systems in social networks (Zhang et al. 2014;
Gan and Jenkins 2015); and as concerns or fears
about everyday technology from the perspective of
both adults and children (Seberger et al. 2022;
Yip et al. 2019). ‘Creepiness’ has been associated
with unexpected actions that make the user feel
uncomfortable, e.g. a glitch in a voice assistant

that makes it laugh arbitrarily (Aylett et al. 2019).
Similarly, the increased autonomy of robots and
their behaviour (e.g., suggesting presence of human
emotions) have often been perceived as eerie
or ‘creepy’, a phenomenon widely known as the
“uncanny valley” (Mori et al. 2012). However,
creepiness is subjective as its perception can be
influenced by personal preferences or cultural biases
(McAndrew and Koehnke 2016; Smith 2016), and
therefore technologies can be subjectively seen as
creepy even if they are perfectly safe and acceptable
to others. For example, voice interfaces and speech
synthesis may be seen as creepy if they “don’t
perform” (i.e. do not match expectations) or perform
“too well” and seem too real (Aylett et al. 2019), while
a system that enables one to control prosthetic cat
ears with their brain (Chan et al. 2015) might be
experienced as creepy in a society that does not
value the culture of cosplay.

In recent years, researchers have started to
define creepy technologies and quantify creepiness:
Woźniak et al. (2021) developed a Perceived
Creepiness of Technology Scale; Benjamin and
Heine (2022) proposed a scale for measuring
“unnerved feelings” evoked by technology; and Yip
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et al. (2019) identified characteristics of technology
that children find scary. However, this focus on
quantification does not necessarily account for the
subjective nature of creepiness. Furthermore, each
technology may have different meanings to different
people at different times (Wellner 2020), which
can also affect who can see it as ‘creepy’ and
why. Therefore, creepiness in technology could be
understood as a quality that affects user acceptance.

We contribute the results of a study conducted to
identify the factors that influence creepiness. To do
so, we collected all tweets directly mentioning tech-
nologies as ’creepy’ posted on Twitter/X between
March 2009 and December 2020. We identified 827
relevant tweets and analysed them in detail. The re-
sults show the intertwined relationship between the
technological (e.g. what the technology does, what
it could do) and contextual (e.g. user expectations,
preceptions, etc.) reasons for creepiness. Based on
the results, we reflect on the complex relationship
between these dimensions and the scenarios in
which creepiness can emerge to suggest avenues
for change rooted in HCI practice. Understanding
perceptions of creepiness would let designers, re-
searchers and practitioners evaluate their ideas or
existing products through a more systematic reflec-
tion on the factors that make technology creepy.

2. RELATED WORK

Creepiness has been examined through different
and sometimes conflicting lenses from an experien-
tial property (Diel et al. 2021; Kotsko 2015; McAn-
drew and Koehnke 2016; Smith 2016) of adaptive
emotional responses to a quantifiable and measur-
able attribute related to object properties (Benjamin
and Heine 2022; Langer and König 2018; Rotolo
et al. 2015; Woźniak et al. 2021). However, there
seems to be an agreement that ambiguity and the vi-
olation of expectations and personal boundaries are
key factors influencing perceived creepiness, and
McAndrew and Koehnke (2016) and Smith (2016)
define it as an adaptive emotional response induced
by uncertainty about the presence of a threat.

Creepiness is also multifaceted, subjective, and has
several meanings. For example, in everyday life,
creepy objects and experiences can be spooky,
scary, or unsettling (Kotsko 2015; Smith 2016),
whereas in the literature, the description of uncanny
feelings converges with the emotional reaction of
creepiness with a shared relation to uncertainty
and cognitive conflict (Diel et al. 2021; Langer and
König 2018). ‘Creepy technology’ can therefore be
described as technology that induces the creepy
feeling. These unnerved feelings can be aroused by

deception, mimicry, loss of control, unpredictability,
and ominous physical appearance (Yip et al. 2019).

HCI researchers have defined creepy technology
as an experiential quality, on which human-likeness
features of technologies mismatch with social
norms and expectations, e.g., interacting with a
voice assistant through whispering (Parviainen and
Søndergaard 2020). The concept has also been
explored in the context of privacy and data use
(Tene and Polonetsky 2013; Shklovski et al. 2014;
Seberger et al. 2022), digital assistants (Seymour
and Kleek 2020), and robots (Strait et al. 2017;
Brink et al. 2019). In privacy research, creepiness is
often associated with technology that violates user
expectations through its data collection and data
use (Lin et al. 2012), thereby posing a threat to the
user’s privacy (Woźniak et al. 2021).

In Human-Robot Interaction, the uncanny valley
effect (Mori 1970; Mori et al. 2012) is the main source
of creepiness as robots perceived as “too human”
are a source of apprehension which can impede
technological adoption and interaction (Diel et al.
2021). But the source of creepiness may be more
benign than that. For example, pedestrians crossing
the road in front of an autonomous car may describe
the car as creepy on discovering the seemingly
empty driver’s seat (Moore et al. 2019). Furthermore,
the perceived creepiness of technology is not
a constant and is related to social acceptability
(“creepy line”; Pierce 2019): the technology that once
was unacceptable and incredibly creepy becomes
an everyday occurrence. For example, the initial
release of Google Glass in 2013 resulted in severe
backlash due to its potential for surveillance and
privacy violations (Hong 2013), while the release
of Ray-Ban Stories Smart Glasses in 2021 has
resulted in comparatively minor critique (Egliston
and Carter 2021). These contrasting reactions
can be explained by the increasing familiarity and
normalisation of a given technology, which can
be driven through several factors, including data
being stole and misused; the nature of collected
data being purposefully concealed or downplayed;
or normalisation of intrusive functionality through
benign applications (Pierce 2019). This hints at
the intentional choices of technology developers
and marketers who may realise their potential for
creepiness, and highlights the dynamic, subjective
and situated nature of creepiness. Some things are
creepy because of the grating with social norms and
expectations, e.g. stalkerware designed specifically
to spy on other people’s devices (Han et al. 2021).

Creepiness can also be interpreted as fear
(Baskaran and Mathew 2020; Knowles and Hanson
2018) to describe the sensation related to the
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consequences of something going wrong with
technology, the resulting uncertainty, and the lack
of control associated with the lack of digital literacy
(e.g., older adults being forced to move to online
banking, a privacy breach of own healthcare data).
As such, it is important to holistically understand
the sensation (and definition) of ‘creepiness’
without imposing any subjective (thus negative)
connotations, acknowledging that there could be
many overlapping interpretations and concepts (e.g.,
distrust, fear, uncanny). However, the subjectivity
of the experience and the myriad of internal and
external factors that influence it are rarely accounted
for when assessing creepiness.

While previous research provides a good starting
point for understanding creepiness, it excludes
the role of the wider context in which the
technology is used, usage patterns and the ever-
shifting creepy lines that reflect and are influenced by
social acceptance, people’s practices and beliefs. As
some technologies can be seen as benign in certain
situations while harmful in others (e.g. using facial
recognition to unlock a phone vs. using it for racial
profiling by the police; Marks 2021), we sought
to identify and understand the different factors
that affect the perceived creepiness of emerging
technologies in more detail.

3. METHODOLOGY

As the perception of technological innovation as
‘creepy’ is subjective and individual, and technology
may mean different things to different people
(Wellner 2020), we used Twitter/X as a valuable
source of data for opinion mining (Pak et al.
2010; Giachanou and Crestani 2016). In line with
previous research (Li et al. 2023; Olteanu et al.
2019), we followed a keyword-centric approach
to capture and analyse Twitter/X data. Twitter/X
has been extensively used in research focusing
on understanding and exploring wider trends,
such as election results (Davis 2017), spread of
misinformation (Mosleh et al. 2021), and public
perceptions, e.g., on self-driving cars (Kohl et al.
2018). It has also been used to study phenomena
related to specific hashtags, e.g. #PlotterTwitter and
the fabrication community (Twigg-Smith et al. 2021).

Social media research raises ethical concerns
as data is often collected and analysed without
explicit consent from participants, which has been
a source of ongoing discourse in the research
community (Ahmed et al. 2017). Therefore, in this
paper, we do not present the original tweets we
collected to avoid the de-anonymisation of the users.
Instead, in the following sections, we provide a
detailed methodology to help reconstruct the data

and replicate our results, which is summarised in
Figure 1. Only original tweets were used for analysis,
and modified examples are included to illustrate
the results. The examples were created in line
with best practice (Fiesler and Proferes 2018) by
paraphrasing or substituting words in original tweets
with synonyms, which were curated to preserve
the meaning of the specific data point without de-
anonymising the user. The full process took place
between January 2021 and January 2023. The study
received a favourable ethical opinion.

3.1. Data Collection

We collected tweets with the following keywords:
‘creepy’ and ‘tech’ or ‘technology’; and for tweets
using the following hashtags: #creepytech, #creep-
ytechnology, and combinations of #creepy #tech,
and #creepy #technology. Using the word ’creepy’
and not other interpretations or synonyms allowed
us to preserve its subjective nature (Wellner 2020).
Additional keywords (e.g., scary) could have led to
capturing “noisy data” that might not refer to explicit
mentions of perceived creepiness and/or technology
(e.g., being scared of losing one’s phone). Our ap-
proach enabled us to capture a wide range of factors
that contribute to the perceived creepiness of tech-
nology without imposing any explicitly negative, am-
biguous, or overly academic meaning. Words such
as ‘malicious’, ‘frightening’, ‘spooky’, and ‘unwanted’
were therefore not included.

We collected the data in January 2021 using Python
and the official Twitter’s Premium Sandbox API1 that
at the time allowed searching and scrapping tweets
using Twitter’s full-archive endpoint and returned
publicly available tweets. We searched for all tweets
posted between March 2006 (when Twitter was
founded) and the 31st of December 2020. For each
collected tweet, we recorded its id, date, username,
language tag, text, URLs, hashtags, and the source
URL (if a tweet was a reply to another tweet) for each
collected tweet. In total, we collected 2,451 tweets.
Once data analysis was completed (end of 2022), we
did not extend the data collection timeframe to tweets
published from 2021 due to Twitter/X’s change of
leadership in October 2022, which changed rules on
access, ethics and reliability.

3.2. Data Filtering and Cleanup

We performed an initial filtering process of the
collected 2,451 tweets by automatically removing 54
tweets tagged in meta-data as not in English, 122
duplicates, and 643 retweets. We did not discard
replies to a tweet nor retweets where characters
‘RT’ followed by the original tweet were preceded
1Twitter Developer API, https://developer.twitter.com/, which since
then has changed to https://developer.x.com/
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Figure 1: Data collection, filtering, and cleanup processes.

by additional content. The resulting dataset of 1,632
tweets (by 1,266 unique users) was divided among
six researchers for manual cleanup and analysis.
To counter potential researcher bias and avoid
reflecting on personal experiences, each tweet was
annotated by two members of the research team
(overall inter-rater reliability agreement across all
pairs = 72%) and moderated by a third one. The
team discussed challenges (e.g., disambiguation of
tweets, the definition of new codes) and resolved
them during meetings.

3.2.1. Selection of relevant tweets
The annotation followed a two-step process. First,
we assessed individual tweets’ content, including
any embedded media (e.g., pictures, videos),
hashtags, and URL text (but without clicking the
link) against inclusion and exclusion criteria. The
main inclusion criterion was a clear description of
a specific technology with an explanation for its
‘creepiness’. We also included tweets containing text
only as hashtags if they formed a coherent sentence;
those that mentioned technology in relation to fake
news, theoretical futures, and conspiracy theories;
and those that related the technology and its
creepiness to works of fiction, e.g. Black Mirror or
George Orwell. Table 1 in the Appendix presents
examples of tweets meeting the inclusion criteria.

We excluded tweets that were not about technology
or used the hashtags to promote non-related
products; were unclear without opening the URL;
were promoting content on other platforms; lacked
information necessary to understand the reason a
specific technology was described as creepy; were
part of a conversation of more than two tweets
displaying redundant information; were duplicates
with the same text but a different URL; were retweets
with no additional content; were not in English;
and were set to private or deleted at the time of
annotation. This resulted in a total of 827 relevant
tweets published between 2009 and 2020 by 713
unique users (94% of users posting one tweet). See
Table 2 in the Appendix for examples.

3.3. Dataset annotation

We manually annotated each relevant tweet using
the following descriptors:

• What : The name of the generic technology or
system, avoiding brand names, e.g., Robots,
Spyware, Facial recognition.

• Who (if applicable): The name of the manufacturer
and/or a product name, e.g., Amazon’s Alexa.

• Where: The setting in which the technology is
described as creepy, e.g., Social Care, Remote
Work, Digital Health.

• Why : Reasons the technology was described as
creepy, including features that triggered the feeling,
e.g., monitoring, personalisation.

• Notes: Additional information about why the
technology is creepy, e.g., the user could not opt-
out or misunderstood the technology.

3.3.1. Moderation
Moderators took into account the annotations from
two individual researchers and summarised them
by aggregation or by choosing the most descriptive
annotation without looking up the tweet content as a
reference. The Where, Why and Notes descriptors
were considered jointly to help the sensemaking
of the data during the meta-analysis. In case of
disagreement between annotations, the moderator
checked the tweet’s content, and selected the more
appropriate annotation, flagged it for discussion, or
created a new annotation to be validated during the
next meeting. Ambiguous annotations with vague
descriptors were also flagged and resolved during
the discussions. The rephrasing of annotated terms
to more representative descriptors was collectively
agreed upon. A total of 134 tweets (16.2%) were
discussed during moderation meetings.

3.3.2. Normalisation
Out of the 827 tweets, we identified 374 different
instances of technology or services that were
considered creepy (What descriptor) with 453
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different reasons for perceiving creepiness (Why
descriptor) in 512 unique contexts of use (Where
descriptor). Prior to the final analysis, we normalised
the language and wording used for the annotated
descriptors to summarise terms and agree on the
terminology to be used in the results. To achieve
this, two researchers were assigned to one of the
primary descriptors (What, Why and Where), and
each pair analysed the list of terms aiming to resolve
the appearance of synonyms or multiple descriptors
referring to the same terminology (e.g., ‘Artificial
Intelligence’ and ‘AI’), fix typos and summarised
related terms by affinity to facilitate the analysis, thus
achieving an agreed dictionary of descriptors. As
the pairs were working collaboratively (rather than
each person independently coding each term), we
did not calculate the inter-rater reliability agreement.
The resulting dictionary was discussed and refined
during debriefing meetings in which all the sub-
teams of researchers were present.

In total, we developed two different dictionaries to
describe the technology that is perceived as creepy
(What): (i) a normalised list of terms following
the protocol described; and (ii) a summarised
list focusing on top-level terms to describe each
identified technology or service (e.g., ‘Laptop’,
‘Smartphone’ and ‘e-Reader’ are described as
‘Personal devices’). Both general and top-level lists
were kept for analysis.

All terms were normalised using the agreed
dictionaries, preserving the annotation process
(What + Why + Where). We identified 140 conflicting
descriptors that belonged to different categories,
e.g. ‘Robots’ was used as a descriptor of What
and of Why. Four researchers in the team resolved
the conflicts (35 each) by checking the original
tweet and annotations and changing the used terms
accordingly to avoid repetitions across descriptors.
In the end, the resulting dataset was normalised to
present 194 different terms to describe technology
perceived as creepy within 34 distinct instances of
a top-level definition of services (What); 208 unique
reasons for perceived creepiness (Why ), and 157
unique contextual descriptors (Where).

3.4. Data Analysis

The final dataset was analysed in two ways. First,
we quantified the frequency of individual terms
within each descriptor, performing a quantitative
content analysis of qualitative data (Neuendorf
2017), a method used to analyse unstructured social
media data (McCorkindale 2010). This resulted in
three different ranked lists of the most repeated
instances of technologies or services, the reasons
for perceived creepiness, and the context in which
they were used.

Second, to understand the rationale and context
for creepiness, we decided to follow an inductive
approach and not rely on previous interpretations
of creepiness (e.g., Yip et al. 2019; Woźniak et al.
2021) to avoid imposing any predefined meaning to
the corpus. As such, two co-authors used the affinity
mapping (Harboe and Huang 2015) of annotated
terms to look for relationships among the terms
(Coffey and Atkinson 1996). As the first step,
each researcher organised the list of codes for
each category (rationale and context) separately
into clusters by affinity of terms and identified
provisional thematic groups. Then, both discussed
the classification and reviewed the themes, further
revising them while working on the manuscript. The
classification was then discussed with the rest of
the team, leading to the creation of a set of general
features that can contribute to perceived creepiness
and themes related to different aspects of context.

The two thematic groupings resulting from the
data analysis were summarised into two sets
of five attributes describing sub-categories, which
we report in the results section. During team
discussions, we adapted each category within both
groupings to reduce the complexity of the themes,
support the analytical generalisation of our empirical
dataset (Halkier 2011) and guide the sensemaking
of the relationship between categories.

Finally, we analysed the frequency of relevant
tweets over time and the distribution based on their
publication year to explore the number of data points
and whether the mention of ‘creepiness’ changes
over time and how. However, due to the diversity
of topics and attributes found in the results, some
attributes resulted in a low sample size, which limits
the significance of the temporal analysis, and we
show the distributions for illustrative purposes only.

4. RESULTS

We identified 10 most prominent types of technology
considered creepy: robots (mentioned as creepy
in 148 instances, 17.9%), software-based systems
and platforms (including AI, social media, apps and
online services), and physical computing artefacts
(Internet of Things, trackers, personal devices or
wearables). While these categories are not mutually
exclusive (e.g. robots and smart devices may rely
on AI, apps may enable access to social media),
the categorisation helps to make sense of the types
of technologies and their aspects that users found
creepy. See details in Table 3 in the Appendix.

The tweets often referenced specific companies
or products as a way to justify the perception of
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Figure 2: Distribution of the collected tweets over time (left). Timeline of the number of tweets per publication year between
2009 and 2020 (top to bottom, left to right): Distribution in % of total tweets per year of the ten technologies considered the
most creepy.

creepiness (see Table 4 in the Appendix). These in-
cluded 327 tweets explicitly mentioning big technol-
ogy companies (e.g., Google, Meta, Amazon, Apple,
Microsoft; 221 instances), robot brands or manufac-
turers (e.g., Spot, Boston Dynamics; 50 instances),
phone manufacturers (e.g., Samsung, Huawei; 23
instances), social media companies (e.g., Twitter,
SnapChat; 19 instances), and academic institutions
(e.g., MIT, Harvard; 14 instances).

Users also used fictional and cultural references
(e.g., Black Mirror, 1984’s Big Brother and West-
world; 23 instances) to help describe the creepiness
of technology (often Robots, Artificial Intelligence,
Personal Assistants, Internet of Things and Wear-
ables). In addition, ‘dystopian’ descriptions of tech-
nology (12 instances) were used to describe robotic
and advertising systems’ creepiness related to their
design aesthetics and future potential.

The temporal distribution of tweets follows the shape
of a normally distributed, negatively skewed dataset,
with 80% of the data units published from 2014 and
a peak of the data (approximately 30%) between
2018 and 2019, which might reflect Twitter/X’s
growth (see Figure 2, top left). Nevertheless, this
suggests that the mentions of creepiness fluctuate,
and their frequency can increase or decrease
as attitudes towards specific technology change
from dislike to acceptance, or vice versa. Most
notably, the perception of creepiness in specific
technologies does not show a stable pattern, e.g.,
fading or disappearing (see Figure 2, right, top
to bottom). For instance, systems of technologies
considered well-integrated or adopted in society
(such as Social Media, Internet of Things or Personal
Devices) show a temporal decline in the mention
of creepiness, and in some cases, they can almost
disappear (e.g., Online Services). On the other
hand, technologies affected by the latest advances

and increasing capabilities (e.g. Robots, Wearables
or, to a lesser degree, Apps) appear consistently
over the years. Similarly, changes in the technical
or contextual attributes of technology can quickly
shift the perception of creepiness with sudden
(re)appearance, as can be noted in the case of AI,
Personal Assistants or Trackers.

Based on the analysis of the rationale and its contex-
tualisation (see Section 3.4), we identified attributes
that influence the perception of creepiness in tech-
nology. They highlight the intertwined relationship
between the rationale outlining what happens on the
technology side (how it works, how it is designed)
and the context affecting users’ understanding of
technology that colours their expectations (has the
creepy line been crossed?). Figure 3 presents an
overview of the resulting attributes for creepiness.

4.1. Technological attributes of creepiness

First, we present the attributes organised into
five themes (see Table 5 in the Appendix) that
describe the factors contributing to the perception of
creepiness based on what specific technologies can
do, how they are used, what makes or defines them,
how they operate, and their (potential) impact.

4.1.1. Technical competence and action
The emergence of perceived creepiness was
predominantly related to what technological systems
may be able to do (397 instances, 48.1%),
either related to mechanical actions or processing
capabilities. For instance, as systems are able to
observe and record user actions, either explicitly
(e.g., via surveillance; 161 instances, 19.5%) or
implicitly (e.g., via location-based tracking services;
90 instances, 10.9%), the perception of intrusion
and/or a threat to one’s privacy were seen as
factors making technical capabilities creepy. Other
potential indicators of creepiness were related to
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Figure 3: Resulting Technological (left) and Contextual (right) Attributes of perceived Creepiness.

general capabilities (101 instances, 12.2%), such
as affording special motor actions (e.g., flying),
resembling human-like abilities (e.g., voice/speech),
or addressing other task-oriented processes (e.g.,
video recording, editing). The ability to perform
high-level cognitive processes like detection and
inferring (e.g., facial, emotion or speech recognition,
the ability to predict text; 24 instances, 2.9%)
also made people feel uneasy. Finally, the ability
to understand and react to user actions (e.g.,
interaction modes or haptic feedback; 21 instances,
2.5%) also contributed to perceived creepiness.

4.1.2. Purpose
The results show how technology is used (147
instances, 17.8%), and the (mis)alignment of
its purpose with user preferences and values,
influenced whether it was perceived as creepy.
For instance, applications lacking transparency
regarding user data (e.g., data harvesting and
its use for personalisation or user profiling;
67 instances, 8.1%), or adoption into specific
areas (52 instances, 6%) were seen as creepy
because the user did not approve/accept them
(e.g., automation, advertisement) or saw them
as inappropriate (e.g., monetisation, sex/intimacy
industry). Moreover, creepiness manifested when
the purpose of technology could lead to misuse
or abuse. This included undesirable or malicious
intention (e.g., hacking, targeting, or impersonation;
12 instances, 1.4%) or a deceptive goal (e.g.,
creation of fake content like deep-fake nudes; 9
instances, 1.1%). Finally, creepiness was affiliated
with the adoption of technologies such as implants
or accessories that enhance the “human experience”
(e.g., references to transhumanism; 8 instances,
1%), as their purpose was perceived as unnecessary
or potentially threatening.

4.1.3. Design and composition
Technology can materialise creepiness with its
design features (146 instances, 17.6%), which refers
to what makes it what it is (aka its “being”)
and its structure (e.g., made of other systems or
devices). For instance, the existence of a technology
could be the sole reason why it was perceived as
creepy (35 instances, 4.2%; e.g., contact lenses

with an integrated camera). Another reason was
its specific composition (47 instances, 5.7%), such
as integration of other devices or technology (e.g.,
Artificial Intelligence, Cameras) and the interfaces
that facilitate interaction (e.g., Brain-Computer,
Skin-based, eXtended Reality interfaces). Finally,
creepiness was linked to aesthetic appearance (64
instances, 7.8%), including anthropomorphic (25
instances, 3%) and zoomorphic (6 instances, 0.7%).

4.1.4. Behaviour and functioning
The perception of creepiness also occurred as a
response to technology’s actions performed at a
fundamental level (69 instances, 8.3%). This is
different from the technical capabilities (what it can
do) and their purpose (what they are used for),
as the focus is on actual functioning. For instance,
specific actions (e.g., during a task or interaction
flow; 11 instances, 1.3%), such as reminders to
nudge users to log back into social media platforms
were mentioned as creepy. Moreover, creepiness
appeared when the actions did not fit user’s mental
model (58 instances, 7%) or expected behaviour
(e.g., accidental interaction, an unexpected answer
or a lack of response), or when there was an error
in the system (e.g., bug). For example, unprompted
responses in voice assistants (e.g., laugh; Aylett
et al. 2019) triggered by background noise or
development bugs can be seen as creepy, even
though they are unintentional technical glitches.

4.1.5. Impact of technology
The consequences of the use or deployment
of technology also contributed to its perceived
creepiness (67 instances, 8.1%). Specifically this
included future projections and speculation of
potential use, consequences and risks (41 instances,
5%), or the reflection on future use and potential
impact on society (e.g., inequality, unemployment;
16 instances, 1.9%). Other factors included the
system’s contribution to the user’s experiences, such
as immersion, usability or virtual body ownership (10
instances, 1.2%).

The technological attributes described above form
an initial lens that could help researchers and
practitioners reflect on how systems are designed
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and used. However, they need to be contextualised
to fully understand their relevance (Why they are
creepy). For instance, the same attribute (e.g., ability
to surveil) may not be seen as creepy in different
circumstances: insurance policies using users’ data
to increase their premium vs data-centred services
to benefit users’ health and wellbeing.

4.2. Contextual attributes of creepiness

The results highlight the relevance and variety of
circumstances and contexts of use in the appear-
ance and perception of creepiness. Therefore, below
we describe attributes characterising the context in
which technology is deemed as ‘creepy’, organised
into five themes (see also Table 6 in the Appendix).

4.2.1. Perceived Consequences
A system’s perceived creepiness was influenced
by the intention or purpose of use (227 instances,
27.5%). This relates to users’ understanding of the
perceived advantages of technology, as they can
be intangible or implicit, thus creating uncertainty
around their trade-offs (e.g., data analytics, moni-
toring and surveillance; 114 instances, 13.8%). In
other cases, interacting with the system explicitly
acts against users’ interests, suggesting malicious
intentions (97 instances, 11.7%) such as violating
and threatening users’ agency (e.g., impersonation,
fraud or compromising privacy and security; 79 in-
stances, 9.5%), or posing a negative effect (e.g.,
phone addiction; 18 instances, 2.2%). Moreover, the
perceived benefits could be ambiguous due to a
lack of understanding of the interaction outcome
(16 instances, 1.9%), such us not seeing the value
in novel interaction techniques (e.g., eye-scrolling),
unexpected system responses (e.g., voice assistant
activation when called by the wrong name), or the
sensemaking of coincidences (e.g., repeatedly see-
ing an advert on different devices, or notifications
coinciding with an offline task, e.g., opening a letter).

4.2.2. Preconceptions and Beliefs
Some systems were perceived as creepy when
their characteristics (e.g., existence, integration of
other technologies or appearance) mismatched user
expectations and related mental models (179 in-
stances, 21.7%). The results show users’ concerns
with the perceived appropriateness of combining
different technologies in one system (138 instances,
16.7%), e.g., using AI (43 instances, 5.2%) to aug-
ment other services (e.g., in smart devices or to
create fake content). Similarly, the appropriateness
of new interfaces (e.g., Brain-Computer Interaction,
Gaze Interaction; 24 instances, 2.9%) was ques-
tioned because of the novelty they might introduce to
users’ lives (scrolling with one’s eyes, typing by just
thinking, etc.). Moreover, some technologies might
present a mismatch in users’ expectations related

to the system’s aesthetic appearance (41 instances,
5%), including how they look (12 instances) or
whether they are anthropomorphic (19 instances)
or resemble animals (9 instances): an IoT device
resembling a teddy bear, car interiors that “feel like
human skin”, or an “anatomically correct” anthropo-
morphic robot designed to look like a famous person.

4.2.3. Suitability to Setting and Audience
Where the technology is located and how its
placement or general setting match users’ norms
and expectations was also a source of perceived
creepiness (165 instances, 20%). For example, the
spatial location influenced whether the system was
seen as unwelcome or unacceptable (e.g., home,
workplace, public spaces, the self; 73 instances,
8.8%). This effect did not need to be immediate
or current – the future potential for evolution,
impact and technological advances, and how they
could influence interactions and practices in these
environments, were often mentioned as creepy (e.g.,
changing the way we work or how humans can
evolve and integrate with technology; 49 instances,
5.9%). Moreover, creepiness was experienced when
technology was seen as a potential source of risk,
e.g., when it was applied with the goal to change
or address individuals’ personal experiences (e.g.,
end of life, intimacy and relationships; 21 instances,
2.5%), used to mediate in societal issues (e.g.,
Covid, policy-making or immigration; 17 instances,
2%), or targeted specific audiences (e.g., children or
pets; 5 instances, 0.6%).

4.2.4. Contribution to Application Areas
The perception of creepiness was dependent on the
perceived appropriateness of the application area or
domain (148 instances, 17.9%). We identified sev-
eral cases where users found technology creepy be-
cause it was used within a specific application area,
including Science and Technology (e.g., Automation,
Biotechnology, Patents; 35 instances, 4.2%); Enter-
prise and Marketing (e.g., Advertising, Retail, Digital
Economy; 31 instances, 3.7%); Entertainment (e.g.,
Music and Photography; 27 instances, 3.3%); Health
and Wellbeing (e.g., Assistive Technology or Physi-
cal Activity; 18 instances, 2.2%); Sex and Intimacy
(12 instances, 1.4%), Transport (9 instances, 1.1%),
Military and Emergencies (e.g., Disaster Rescue; 8
instances, 1%); and other personal services (e.g.,
Childcare, Education; 8 instances 1%). Specific ex-
amples included ubiquitous biometric scanning while
shopping at the supermarket, the application of AI to
train facial recognition algorithms using photos from
social media, and the use of robots as sex toys or for
military purposes.

4.2.5. User Needs
Technology was also described as creepy if
it did not meet users’ needs and preferences
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(107 instances, 13%). For instance, systems were
seen as creepy during interactions connected to
computer-based technical services (e.g., location,
connected platforms, authentication; 47 instances,
5.7%), such as automatic synchronisation of the
same user account across different devices, or
interpolation of where the user lives or works based
on their location history. Similarly, technology was
seen as creepy when it affected specific aspects
of the user experience (e.g., Personalisation,
Recommendations; 36 instances, 4.3%), or when
used for social or personal purposes (e.g., Social
Interaction, Self-reflection; 24 instances, 2.9%). For
example, Virtual Reality changing one’s sense of
body ownership, or AR-based wearables changing
users’ interactions by offering overlaid information
during a conversation.

5. DISCUSSION

We know from the literature that users perceive
some technologies as creepy and that specific
features and functionality can contribute to this
perception (Woźniak et al. 2021). Given that
creepiness is subjective and context-dependent
(McAndrew and Koehnke 2016), our goal was to
build on the existing research and present a more
holistic perspective that accounts for a wide variety
of factors that influence the perceived creepiness
of emerging technologies. Understanding the factors
influencing creepiness could help designers and
developers evaluate their ideas or existing products,
and avoid creating technologies that others may find
creepy. Our results highlight the complex relationship
between technological and contextual attributes by
reflecting on the design elements and the scenarios
in which creepiness can emerge.

While research has shown the importance of
understanding and measuring creepiness (Woźniak
et al. 2021; Langer and König 2018), the results
build on previous models to provide an assembled
view of what can make technology creepy and
how emerging technologies are shaped by the
scenarios in which they are used (Nardi 1996;
Chen and Atwood 2007). Most notably, the resulting
themes confirm and expand previous interpretations
of creepiness. The technological attributes for the
perception of creepiness are in agreement by
situating deception, mimicry, loss of control (and
undesirability ; Woźniak et al. 2021), unpredictability
and ominous physical appearance (Yip et al.
2019) within the technical factors of creepiness.
At the same time, we provide a more nuanced
understanding by adding contextual details to creepy
technological attributes by considering how user
expectations and contextual sensemaking contribute
to the perception of creepiness. In addition, our

results on perceived consequences are aligned with
emotional creepiness and ambiguity (Langer and
König 2018), and implied malice (Woźniak et al.
2021), whilst the rest of the themes expand previous
interpretations to highlight a woven understanding
of the influence of context in the perception of
technological attributes that lend themselves to be
creepy but might not be when outside of the myriad
of possible contexts.

5.1. Designing Creepiness Out

During the reflective writing (Williams et al. 2020) of
this paper, the results prompted several discussions
on strategies and methods we can engage in
as a community of HCI practitioners to increase
technology acceptance, enhance user experience
and mitigate the negative effects of creepiness.
Although it might sound obvious to readers familiar
with HCI practices, the tensions highlighted in
the results inherently advocate for the adoption
of methods supplementing user-centered design to
increase people’s active participation in the design
and co-development of emerging technologies
(Björling and Rose 2019; Antonini 2021). Focusing
on the user and individual needs alone is not
enough – not in a world where technology is
negatively affecting wider groups and society as a
whole (Benjamin 2019; Lopez-Neira et al. 2019).
As such, research and development objectives play
an important role in the perception of creepiness,
putting the user and the wider context in which
they live (Chen and Atwood 2007) at the centre of
attention, considering the social and ethical impacts
of emerging technologies.

Perceptual creepiness is multifaceted, with several
meanings determined by a constellation of conflict-
ing values: technology and user in specific scenar-
ios. Therefore, the alignment of technology devel-
opment with user values can contribute to a better
design that fits users’ expectations, e.g., through
value-sensitive design (Friedman et al. 2013; Van
Der Hoven and Manders-Huits 2020). Of course,
creepiness is an affective emotional response in-
duced by ambiguity and uncertainty about the nature
of a threat (McAndrew and Koehnke 2016; Smith
2016), thus attention to the user is imperative. HCI
methods are useful here to measure predefined user
mental models, acceptability and understanding of
the technology, for example through user studies
(e.g. to measure acceptability of voice assistants
in autonomous vehicles; Jestin et al. 2022), or via
participatory and co-designing practices (McKercher
2020; Zamenopoulos and Alexiou 2018).

Users’ understanding of technology traits is also
key in encouraging the design of systems that are
more transparent about how they function, e.g.,
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data-driven systems (Mortier et al. 2014) or bias-
free robotic design (Oravec 2022). Additionally, it
is important to highlight the user’s interpretation
of the trade-offs of using emerging technology,
for which contextual enquiry (e.g., storyboarding;
Kunur et al. 2015), usability testing in-the-wild (e.g.,
walkshops; Korn and Zander 2010) or development
and evaluation methods such as Wizard of Oz
(Bradley et al. 2009) are relevant to observe users’
reactions as they interact with existing technologies
and prototypes of future emerging technologies in
their situated context, and can help anticipate ethical
issues in emerging technologies (Brey 2017).

Finally, user concerns about the impact of technol-
ogy’s future use highlight the relevance of specu-
lative design (Dunne and Raby 2013). Tools like
design fictions (Lyckvi et al. 2018) and design probes
(Mattelmäki 2008), or critical design cards such as
Ethical Explorer (Omidyar Network 2021) or The
Tarot Cards of Tech (Artefact Group 2019) can
help practitioners raise issues before creepiness
emerges. They can also help test the suitability and
appropriateness of new technology systems in spec-
ulative futures, as has been done to define different
critical perspectives (Noortman et al. 2021). Overall,
exploring the potential creepiness can be a sensitive
tool for identifying negative side effects and potential
consequences of technology (Ramirez Gomez and
Stawarz 2025). The results provide a starting point
for reflection when designing emerging technologies,
but should be supported by the application of people-
centred design methods.

5.2. Limitations and Future Work

Our study has some limitations we would like
to acknowledge. First, while Twitter/X has been
widely used as a valuable tool for gathering general
opinions from different social groups (e.g. Pak et al.
(2010); Penmetsa et al. (2021)), its users do not
represent the views of the general public (Ruths
and Pfeffer 2014) and might even misrepresent the
perceptions of reality (e.g., Twitter bots (Haustein
et al. 2016)). To mitigate this, we screened all tweets
manually, which reduced the chances of including
bot accounts. Focusing on Twitter/X might have
inadvertently excluded people who do not use social
media, those who found Twitter/X itself creepy or
those who use other platforms, whose views could
complement the overall perception of creepiness.
Nevertheless, the sample allowed us to identify
general attributes of creepiness that are in line with
existing literature (Woźniak et al. 2021).

In addition, Twitter data can be biased by people self-
reporting their own behaviours, observations, and
more extreme opinions (Kıcıman 2012). However,
these subjective views were invaluable: our dataset

was not based on participants’ prompted responses,
but on the specific opinions they felt compelled
to express freely (e.g., extreme views, showing
off, complaining). Future work should consider
non-social media users’ perceptions of creepy
technology.

We analysed only tweets in English, which restricted
our scope to users who only speak English
regardless of their location by introducing a linguistic
bias, acknowledging the ongoing issues to infer
geographical information using the optional self-
reported location field in Twitter/X research Mislove
et al. (2011). In the future, researchers could
investigate the similarities and differences in
perceptions of creepy technology between different
geographical regions and include an analysis of
cultural contexts in which expressions of discomfort
as creepiness might manifest differently.

Finally, as we collected the data in January 2021,
our analysis is based on tweets posted between
March 2009 and December 2020, which excludes
tweets about the creepiness of recent technological
developments (e.g., ChatGPT) or the change in
attitudes towards Twitter/X since the leadership
change. However, similar conversations are reflected
in our dataset as AI is present.

6. CONCLUSION

Emerging technologies are characterised by the
ambiguity over their use and impact on the users
and society at large, and this ambiguity by itself
can be a source of creepiness. In this paper,
we present an exploratory analysis of micro-
blogging content reporting creepiness in technology.
The results show how technological attributes
of technology are influenced by their contextual
factors. Our contribution is rooted in expanding
previous interpretations of creepiness to point out
an interlinked relationship between the potential
perceived traits of creepiness and the context in
which the system is located or used and user
expectations. The combination of these multiple
facets is an essential contributor to creepiness from
which the perception of friction and feelings of
unease might stem. We call for future work as
the HCI community strives for more ethical and
responsible design of interactive systems.
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A. APPENDIX

Table 1: Example (paraphrased) tweets illustrating tweets meeting inclusion criteria. N=827.

Inclusion Criteria N Example (paraphrased) tweet

Good level of detail and/or
information

766 My daughter came back from camp with spots on her ankles
(from socks pulling hair) We discuss it in her bedroom and
she Googled it on her iPhone. Minutes after I got a Twitter
follow from this company. #CreepyTech #Privacy #Advertising
#DataEthics [URL] [included a screenshot of a Twiter profile]

Includes references to
speculative or dystopian
future technology

12 Just attempted eye contact with someone I don’t know and
had the weirdest idea: people in the #future will connect via
#eyetooth such a #creepy #tech

Includes references to
works of fiction

23 Sexual robotic industry ‘looks like Westworld’ after creating
‘super-real’ dolls #Westworld #AI #creepy #tech #robots
[URL]

Containing text formatted
with ‘hashtag’ (#) only

26 #RobotName: #the #amazing #but #worrying #six-leg #robot.
#Is #this #robot #creepy, #or #awesome? #Tech [URL]

Table 2: Example (paraphrased) tweets illustrating different exclusion criteria

Exclusion Criteria N Example (paraphrased) tweet

Not about technology 232 Astonishingly Real Looking Human Face #Cake Is SO #Creepy To
Look At [URL] #social #tech

Not clear what is creepy
and/or why

275 They always know the first time you are on a thing and when you
open whatever they send you #creepy #technology

Promotional Tweets 84 Save up to 45% Off everything today #presents #clothes #tees
#decoration #wallart #backpacks #plates #tech #office #facemask
Design Gothic Little Red Riding Hood #Halloween #creepy #story
#Discounts [URL]

No way to determine the
reasons for creepiness
without opening links

73 There is a conversation about a #creepy application. Do you believe
this would happen? #tech [URL]

Parts of a conversation
that make no sense
without reading the whole
thread

4 [USERNAME1] [USERNAME2] #CreepyTechnology #Stalker; [This
tweet is as a reply to a previous tweet]

Tweets duplicated across
users

84 USER 1: “Apple enabled download a mobile application that allows
you follow folks on Instagram - The Verge [URL] #Castro #October
#creepy #tech [URL]”
USER 2: “Apple enabled download app that allows you follow folks on
Instagram - The Verge [URL] #Alex #creepy #PatrolIllustration #tech
[URL]”
USER 3: “Apple enabled download app that allows you follow folks
on Instagram - The Verge [URL] #creepy #PatrolIllustration #October
#tech [URL]”

Retweets (RT) 19 RT RT How #Facebook is coaching #computers to look at...
#Innovation or #Creepy? [URL] $FB #tech [URL]

Not in English 1 vaya!, que miedo! Encendi el equipo y demoro 15 minutos en
“cargar” y no encendia. Afortunadamente todo esta bien. Por suerte
todo sigue igual. #CreepyTech
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Table 3: The list of top 10 technology types described the most often as creepy.

Technology
Type

N Examples

1 Robots 148
(17.9%)

Including Drones, Cyborgs, Robotic wearables, Mannequins,
Nanorobots, and Animatronics; Robots that are Human/Animal-like,
and those used for Telepresence.

2 Social Media 76 (9.2%) Including Social Media Platforms and Networks and their related
Notifications

3 Artificial
Intelligence

70 (8.5%) Including their integration in Smart Assistants, and Servers;
applications for Facial Recognition, and Face Morphing; used for the
creation of Deepfakes, or Synthetic Voices; and concepts of Neural
Networks, Machine Learning and other AI-based Algorithms

4 Internet of
Things

66 (8%) Including Smart Devices, Appliances, Homes, and Supermarkets;
references to Ubiquitous Computing; and references to Sensors and
other Components such as NFC, microchips or stamp-on circuits

5 Personal Assis-
tants

58 (7%) Including Smart Assistants, Virtual Assistants, those applied to the
delivery of News; and those designed as Holograms

6 Personal
Devices

57 (6.9%) Including Smartphones and their accessories, PCs and Public
Computers, Laptops, Tablets, Music Players, e-Readers, and
Remote Controllers

7 Trackers 45 (5.4%) Including trackers used for the recognition of Activities (e.g.,
sleep, movement); Digital Tracking as Surveillance (e.g., Browsers,
Cookies, Apps); used for Monitoring (e.g., Productivity, Audio); and
related to location-based Services (e.g., GPS, Geolocation, Map
Navigation)

8 Wearables 36 (4.4%) Including Contact lenses, Smart clothes, Glasses, Smartwatches,
Electronic badges, and Masks

9 Apps 28 (3.4%) Including applications used for Communication, Social context,
Transport, e-Commerce, Dating and targeted to children; General
Smartphone apps (e.g., SMS, Maps, Calendar, Weather, Radio), and
Add-ons

10 Online Services 27 (3.3%) Including Web Browsers, Websites, Search Engines, Email,
Streaming Services and other web-based services related to Social
Credit, Navigation and e-Commerce

Table 4: A list of brands mentioned the most often in the dataset in the context of creepy technology.

Brand/Manufacturer N List of products/services/providers

Google 80 Android, YouTube, Fitbit, Google Maps
Meta 64 Facebook, Instagram, WhatsApp
Amazon 62 Alexa, Echo, Ring
Apple 60 iPhone, Siri, iTunes, iPod, Mac, Airdrop, Ether, FaceTime, Air, iOS Health

App
Robotics 50 Boston Dynamics / Spot, DARPA, Sofia, Furby, AI-Da, Diego-San,

Hanson-Robots, Pepper, Actroid-F, Affetto, Hexa, Lovot, Medtronic, Nao,
Nimbo, Robby, Roomba, Tagi, TelenoidR1, Tiny-RobobeeX-Wing, Velox

Phone Manufacturers 23 Samsung, Huawei, LG, Sony, Nokia, OnePlus
Microsoft 19 Skype, Bing, Word, Xbox
Twitter/X 15 -
Academic Institutions 14 MIT, Telecom Paris, Harvard, Standford
SnapChat 4 -
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Table 5: A summary of technological attributes contributing to the perception of creepiness.

Themes Attributes N Example (paraphrased) tweets

Technical
competence
and action
(N=397, 48.1%)

Surveillance 161
(19.5%)

Almost 50% of [Country] employees perceive being monitored
online by their company whilst working from home. This is
another sign of the worldwide extent to which #creepytech
#futureofwork #data #tech #lockdown #surveillance [URL]

General capabilities 101
(12.2%)

Your smartwatch can know what you are doing in bed #creepy
#tech

Tracking and monitoring 90
(10.9%)

#Facebook saves what you choose not to post, #tech expert
says. Smartphones constantly listening? The Next Scary,
Amazing Step In Voice Technology [URL] #creepy #tech

Recognition, prediction
and inferring

24 (2.9%) Amazon uses “predictive filters” now to suggest what you need
to buy even before you know what you want #creepy #tech

Interaction and control 21 (2.6%) @google glass will allow you to take pictures by winking and
other #creepy #tech actions [URL]

Purpose
(N=147, 17.8%)

Data-related practices 67 (8.1%) #WashingtonPost is moving beyond #cookie based #advert
#targeting with the support of their new tech #FeedBuilder
without being #creepy on people. But it #favours #advertisers
already creating #content regularly. [URL]

General applications 51 (6.2%) Microsoft files a patent for online Handshakes and Hugs: [URL]
#future #tech #creepy #givemefive

Misuse 12 (1.4%) Smart TVs Can Be Hacked and you can be spied on [URL]
#Creepy #Technology

Creation of fake content 9 (1.1%) I want to say this is amazing and very impressive
(it IS impressive), but it is very FUCKING CREEPY
AND WORRYSOME AND LEADS TO ABUSE. #tech #ai
#ShouldWeDoIt #creepy #IWantMyMommy [URL]

Enhanced Experience 8 (1.0%) Cyborgs are coming. Eye implants can send straight to
your brain the videos you record... #implantables #bionic
#transhuman #disabilities #augments #CreepyTech [URL]

Design and
composition
(N=146, 17.7%)

Design 64 (7.8%) Nissan Is Working Towards a Human Skin Like Car Interiors
[URL] #creepy #technology

Composition 47 (5.7%) Oh awesome, Claws for Drones #creepy #scary #tech #drones
#claws [URL]

Existence 35 (4.2%) Look at this #creepy thing for those of you who really love
#iPads [URL] via [USER] #wow #tech #fleshlight

Behaviour and
functioning
(N=69, 8.3%)

Unexpected actions 58 (7.0%) Evil Alexa randomly laughs for no apparent reason [URL]
#sentient #AI #creepy #tech

Functionality 11 (1.3%) My new LG washing machine plays fancy music when it is done
with the load. #CreepyTechnology

Impact of
technology
(N=67, 8.1%)

Future possibilities 41 (5.0%) Seriously? A smart mattress... husband farts a lot... what if the
mattress does not want to be farted on... what if it complains
to the bedding... #creepy #tech

Social issues 16 (1.9%) How stalkerware applications enable abusive partners to spy
on others [URL]

User experience 10 (1.2%) When you are alone in a Zoom meeting to test things, then
want to exit but it suggests you can “end the meeting for all”...
@zoom us #creepytech [URL]
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Table 6: A summary of contextual attributes contributing to the perception of creepiness.

Themes Attributes N Example tweets

Perceived
Conse-
quences
(N=227, 27.5%)

Intangible 114
(13.8%)

I pretty am sure Google listen to our conversation. How else would it
know what we want to search before we do it? #creepy #technology

Malicious 97 (11.7%) A man uses a hacked Amazon Ring camera installed by parents in
their child’s bedroom to speak with an 8-year-old girl as Santa Claus
#AmazonRing #CreepyTech

Ambiguous 16 (1.9%) My son called Alexa ‘Hey Google’ and she was angry telling him that
was not her name. Why does it sound like my TV disciplined my kid?
#smarttelevision #technology #GoogleAssistant #creepy

Preconceptions
and Beliefs
(N=179,
21.7%)

Specific
technologies and
platforms

138
(16.7%)

My aunt’s fancy new camera won’t take a picture unless everyone in
the frame is smiling #creepy #tech

Design characteris-
tics

41 (5.0%) A #Scarlett #Johansson #robot that is “anatomically correct” [URL]
#creepy #tech #uncanny #vallley

Suitability to
Setting and
Audience
(N=165, 20%)

Location/Deployment 73 (8.8%) OH GOD NO, absolutely not what the industry needs to do. Cameras
indoors need to be obvious and consented, you shouldn’t spy on
people in their homes [URL] #panasonic #iot #privacy #spyware
#smarthouse #cameras #creepytech

Future possibilities 49 (5.9%) Future Parents can now add Their Unborn Fetus to your Facebook’s
Friends & Family [URL] #creepy #tech #prolife

Personal
experience

21 (2.5%) This VR App will be capable of bringing back to life your deceased
loved ones #Technology #Creepy #Nope [URL]

Societal issues 17 (2.0%) #Creepy #Technology A restaurant uses creepy robots as waiters
during Covid: A place in Netherlands presented new robot-waiters
to reduce person-to-person contact [URL]

Target user type 5 (0.6%) ‘Bear-ly’ Harmless: Smart Teddy Bear Hacking Leads to Children’s
Voice Recordings Being Exposed: [URL] #hack #toy #teddy #IoT
#tech #creepy

Contribution
to Applica-
tion Areas
(N=148, 17.9%)

Science and Tech-
nology

35 (4.2%) #Amazing #tech #See #creepy ‘metal snake’ charger from #Tesla
plug itself into a car [URL] [tweet containing a picture of autonomous
snake-like plug/cable]

Enterprise and Mar-
keting

31 (3.7%) Walmart will record customers’ biometrics while shopping. Feeling
excited when next to snacks? Voice: Your Blood Pressure is bad,
make better food choices... or Database: They want it, we can push
them to buy it #DataEthics #FoodRetail #Creepytech [URL]

Entertainment 27 (3.3%) I was watching TV and [USER HANDLE] walked in. The Xbox said
‘Hi’ to him.....Bizarre #technology #itsawhim #creepy

Health and Wellbe-
ing

18 (2.2%) Aunt Sarah’s hearing aid talks to her to remind her to “make the
appointment!” #lolz #creepytechnology

Sex and Intimacy 12 (1.4%) Creepiest add-on to a phone ever that allows people to make out over
the phone [URL] #Creepy #Tech

Transport 9 (1.1%) I love this ability to stalk public transport. #commute #bustime
#technology #is #creepy [URL]

Military and Emer-
gency Services

8 (1.0%) A team of Engineers in the US is creating a cyborg insect army [URL]
#CreepyTechnology

Other personal ser-
vices

8 (1.0%) I left the mall and a random display next to menswear showed this
[image]. What the heck? People, never trust science with rocking your
baby. Do not. Don’t. #parenting #technology #science #scitech #scifi
#creepy [URL]

User Needs
(N=107, 13%)

Technical-based 47 (5.7%) Yahoo research is using the touchscreen of a phone to scan your Ear
as if it’s your fingerprint #tech #weird #creepy [URL]

User experience 36 (4.3%) Everybody could soon smell your videos in your Facebook profile and
sniff you. #creepytechnology

Personal and social 24 (2.9%) #AI is used to score the character of babysitter candidates and mine
their profiles. #CreepyTech #DataEthics [URL]
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