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Abstract

Background: Usability testing is a critical component in the development of medical devices and services to minimize potential
use errors that result in injury and death.  Despite its importance, usability testing is often resource- and time-intensive, and
traditional approaches have demonstrated inconsistencies in producing reliable results across evaluators. These limitations have
raised concerns regarding whether usability evaluations adequately address the needs of diverse user groups. With the growing
integration of artificial intelligence (AI) to augment usability testing practices, there is increasing uncertainty surrounding the
extent to which these advancements will improve the quality of usability testing results and ensure equitable outcomes,
particularly for marginalized communities.

Objective: The purpose of this study is to understand how AI will be implemented into usability testing processes and its
potential impact on the inclusivity and equity of usability testing practices.

Methods: A narrative literature review was conducted to summarize the current state of AI in usability evaluation practices. An
adapted version of the Society of Automotive Engineers (SAE) five levels of automation was used to assess the extent to which
AI automates usability testing processes. The literature was also evaluated on a five-level scale for their contribution to equitable
testing practices, ranging from no explicit consideration of equity (Level 0) to comprehensive equity integration (Level 5).

Results: 46 studies were reviewed, of which 35 focused on the development of AI tools designed to evaluate digital products,
including mobile applications. These AI tools primarily supported data analysis for various usability testing methods, with
particular emphasis on think-aloud protocols. The three most frequently developed tools were those aimed at identifying usability
issues, performing sentiment analysis, and evaluating interface usability, leveraging innovative AI techniques. Most tools were
designed to assist UX experts by automating specific stages of usability testing (Levels 1 and 2 automation). Six studies utilized
AI to simulate human participants or substitute evaluators under specific conditions (Levels 3 and 4 automation). Despite these
advancements, 23 studies did not address the inclusion of diverse user groups (Level 0 equity consideration), while 22 studies
acknowledged equity considerations without incorporating them into their methodologies (Levels 1-3 equity consideration). Only
three studies specifically explored the application of AI-supported usability tools with marginalized communities.

Conclusions: The literature review reveals a significant trend toward integrating novel AI models into usability testing,
particularly over the past few years. However, despite these advancements, questions about the equity and inclusivity of these
tools remain insufficiently explored. Future research efforts should develop standardized and equitable usability testing
guidelines for traditional and AI-informed methods. Additionally, comparing these findings with evaluations of current AI-
informed usability tools could provide insights into the market’s direction concerning equitable medical device and service
development.
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Abstract

Background: Usability testing is a critical component in the development of medical devices

and services to minimize potential use errors that result in injury and death.  Despite its importance,

usability testing is often resource- and time-intensive, and traditional approaches have demonstrated

inconsistencies in producing reliable results across evaluators. These limitations have raised concerns

regarding whether usability evaluations adequately address the needs of diverse user groups. With

the growing integration of artificial intelligence (AI) to augment usability testing practices, there is

increasing uncertainty surrounding the extent to which these advancements will improve the quality

of usability testing results and ensure equitable outcomes, particularly for marginalized communities.

Objectives: The purpose of this study is to understand how AI will be implemented into usability

testing processes and its potential impact on the inclusivity and equity of usability testing practices.

Methods:  A narrative  literature  review was  conducted  to  summarize  the  current  state  of  AI  in

usability evaluation practices. An adapted version of the Society of Automotive Engineers (SAE) five

levels of automation was used to assess the extent to which AI automates usability testing processes.

The literature was also evaluated on a  five-level  scale  for  their  contribution to  equitable  testing

practices,  ranging  from  no  explicit  consideration  of  equity  (Level  0)  to  comprehensive  equity

integration (Level 5).  Results: 46 studies were reviewed, of which 35 focused on the development of

AI  tools  designed  to  evaluate  digital  products,  including  mobile  applications.  These  AI  tools

primarily supported data analysis for various usability testing methods, with particular emphasis on

think-aloud protocols. The three most frequently developed tools were those aimed at identifying

usability  issues,  performing  sentiment  analysis,  and  evaluating  interface  usability,  leveraging

innovative AI techniques. Most tools were designed to assist UX experts by automating specific

stages of usability testing (Levels 1 and 2 automation). Six studies utilized AI to simulate human

participants or substitute evaluators under specific conditions (Levels 3 and 4 automation). Despite
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these advancements, 23 studies did not address the inclusion of diverse user groups (Level 0 equity

consideration), while 22 studies acknowledged equity considerations without incorporating them into

their methodologies (Levels 1-3 equity consideration). Only three studies specifically explored the

application  of  AI-supported  usability  tools  with  marginalized  communities. Conclusions: The

literature review reveals a significant trend toward integrating novel AI models into usability testing,

particularly  over  the  past  few years.  However,  despite  these  advancements,  questions  about  the

equity and inclusivity of these tools remain insufficiently explored. Future research efforts should

develop  standardized  and  equitable  usability  testing  guidelines  for  traditional  and  AI-informed

methods. Additionally, comparing these findings with evaluations of current AI-informed usability

tools could provide insights into the market’s  direction concerning equitable medical device and

service development. 
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Introduction

Early  detection  and  prevention  of  patient  harm  in  healthcare  is  an  international  policy

priority, as it is a leading cause of morbidity and mortality internationally, with one in  20 patients

subjected to  preventable harm [1].  Human Factors engineering has become a practice used in the

medical design process to successfully reduce preventable medical errors [2]. In one study, a surgical

safety checklist based on human factors principles reduced the death rate from 1.5% to 0.8% and the

complications rate decreased from 11% of patients to 7% of patients. As such, improved usability of

medical devices and services is required to minimize potential use errors that result in injury and

death [3].  

Usability testing throughout all stages of development is critical to verifying that a given

design is safe, efficient, and easy to use for diverse user groups, uses and use environments [4]. The

U.S. Food and Drug Administration (FDA) emphasizes the importance of human factors engineering

throughout the product development lifecycle, to minimize errors and adverse events, as well as gain

a deeper understanding of patients and their conditions [5]. Depending on the classification of a

medical device, the FDA mandates a pre-market review, including a human factors assessment based

on their recognized standards, before the product's launch [6][7].

However, user testing is often a bottleneck in the development cycle, as it requires a lot of

time and resources to run sessions with enough participants and analyze large amounts of data [8].

Moreover,  research  has  raised  concerns  about  the  adequacy  of  traditional usability  testing

methodologies and their capacity to accurately represent the diversity of user populations. Molich et

al. found variations of usability results of the same product tested between different organizations -

questioning the assumption that current usability testing practices are uniform [9]. 

This finding raises concern as to whether current usability testing practices are equitable and

inform inclusive and accessible  medical  device and service  development.  If  a product/service is
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poorly designed, interventions can become more accessible to, adopted more frequently by, adhered

to more closely by, or more effective to socioeconomically advantaged groups with greater access to

resources– increasing health disparity between patient groups [10]. This healthcare disparity is often

linked to social conditions such as level of education, occupational status, and income; residential

segregation;  environmental  barriers;  stigmatization;  and discrimination.  Healthcare disparities are

associated with poor health outcomes and premature death of vulnerable groups, as well as increased

health  care  costs  [11].  Therefore,  inadequate  usability  testing  practices  of  medical  devices  and

services can exacerbate the health gaps in marginalized communities.

Efforts  have  been  made  to  improve  equitable  usability  testing  practices  through  expert

discussions and equity assessment checklists [12][13]. Artificial intelligence (AI) also presents an

opportunity  to  revolutionize  usability  testing  by  improving  efficiency  and  providing  less  biased

outcomes. Many companies involved in user testing are now integrating AI into their  evaluation

workflows to streamline the process [14][15]. Grey literature has explored how AI can enhance the

efficiency  and  quality  of  usability  evaluations  throughout  each  phase,  including  automating  the

generation of test scripts, analyzing data from testing sessions, and even using AI-driven agents to

simulate human behaviour [14][16][17]. Despite these promising advancements, there remains a lack

of formal research on how AI-supported usability tools account for diverse user groups, particularly

marginalized  communities,  and  whether  AI  improves  current  testing  practices  or  inadvertently

perpetuates existing biases and inequalities.

The study described in this paper uses a narrative literature review of 46 papers to assess the

current and foreseeable purposes and implications of AI in usability testing practices. This paper

aims to evaluate the role of AI in usability testing found in the literature and how it will impact

equity,  particularly for marginalized communities - especially since traditional usability practices

may not provide consistent results. 
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Methods

The following section details the narrative literature review search methods, including the key

research questions, search query, strategy, inclusion and exclusion criteria, and evaluation methods.

Research Questions

This study will evaluate how AI integration in usability testing will impact equitable practice

using the following questions.

 RQ1. How is and will AI be implemented in usability testing processes?

 RQ2. How does AI impact the efficiency of traditional usability testing practices?

 RQ3.  How will  AI  impact  the  inclusivity  and  equity  of  usability  testing,  especially  for

marginalized communities?

Search Query

The following search query generated the most relevant results to answer the three research

questions. 

(“Artificial  intelligence”  OR  “AI”  OR  “artificial  general  intelligence”  OR  “artificial

superintelligence”  OR  “natural  language  processing”  OR  “machine  learning”  OR  “image

recognition”  OR  “neural  network”  OR  “reinforcement  learning”  OR  “speech  translation”  OR

“recommend* engines” OR “recommend* systems” OR “automation”) AND 

(“usability testing” OR “user testing” OR “human factors testing” OR “usability evaluation” OR

“user evaluation” OR “human factors evaluation” OR “usability assessment” OR “user assessment”

OR “human factors assessment” OR “usability validation” OR “user validation” OR “human factors

validation” OR “user test” OR “usability test” OR “human factors test” OR “moderated usability

test*” OR “unmoderated usability test*” OR “remote usability test*” OR “in-person usability test”

OR “explorative usability  test*” OR “comparative usability  test*” OR “guerilla” OR “ usability
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interviews” OR “ergonomics test*” OR “ergonomics evaluation” OR “ergonomics assessment” OR

“human factors engineering” OR “formative usability test*” OR “summative usability test*” OR

“usability survey”)

Please note that medical-related keywords were not included in this search, as AI-supported

usability tools can be generalizable to different types of products and services. 

Moreover,  terms related to equity and marginalized communities  were removed from the search

query,  as there were no relevant papers which addressed all  key terms (i.e.  AI, usability testing,

equity,  and marginalized  communities).  Equity  and marginalized communities  are  now variables

coded for during the analysis.  See Appendix A for the descriptions of usability testing,  artificial

intelligence, and equity and marginalized communities, in the context of this paper. See Appendix B

for all keywords and synonyms tested throughout the development of this search query.

Search Strategy

Six databases were selected to search for relevant papers. Interdisciplinary databases, such as

Scopus, Web of Science, and Google Scholar, were chosen to collect as many relevant papers about

the topic. Engineering-related databases, such as IEEE and ACM Digital Library, were selected for

topics  related  to  AI and general  usability  testing.  Lastly,  the PubMed database aimed to  collect

papers  specific  to the usability  testing of medical  or  healthcare products.  The search query was

applied to the title/abstract and keywords, if available, in the databases. 

Inclusion and Exclusion Criteria

Table 1. The inclusion and exclusion criteria for relevant papers. 

Inclusion Criteria Exclusion Criteria
Must mention AI and usability testing.  Manual usability testing is used to evaluate

AI-based design. 
Must mention AI facilitating any phase

of usability testing.

The usability testing method is best suited

for explorative and early design phases.
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Must be written between 2000 to 2023. Written before the year 2000.
Must be translatable to English.

Search Results

The following PRISMA diagram (Figure 1) outlines the screening process. SL conducted the

initial  screening  of  3448  papers  and  SL and  a  second  reviewer  (refer  to  Acknowledgements)

managed the full-text review of 189 papers. SL made the final decision for any conflicts. 46 papers

were included in the final literature review. See the Reference list for all included papers ([P1-P46].

Figure 1. The PRISMA diagram of the screening process.
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Evaluation Methods

The selected papers were evaluated on a five-point scale based on the Society of Automotive

Engineers (SAE) levels of automation, as shown in Table 2. This scale measures the impact of AI on

traditional usability testing practices (RQ2) [18]. 

Table 2: The five SAE levels of automation applied to usability testing.

Level of Automation Description
Level  0  -  No

Automation

Evaluator conducts all phases of testing manually.

Level 1 - Assistance Evaluator is required for all phases of the test. Some tasks are

supported by AI,  but the evaluator is  in  charge of making

decisions.
Level  2  -  Partial

Automation

Rule-based decision-making to  evaluate specific aspects of

the design. AI is dependent on the evaluator for all input and

interventions.
Level  3  -  Conditional

Automation

Inferred decision-making to evaluate the general usability of

the design, including recommendations and actions. AI can

handle most operations with some exceptions.
Level  4  -  High

Automation

AI  automatically  takes  action  to  achieve  all  service-level

objectives of usability testing. AI can handle all operations

with few exceptions.
Level  5  -  Full

Automation

All operations can be handled by AI with or without human

input without exceptions. 
Not Applicable Literature Review

Each study was evaluated on a five-point scale, as shown in Table 3, regarding how much

their AI- informed usability features incorporated equity, inclusion, and diversity (RQ3). 

Table 3: The five levels of equity consideration.

Level of Equity Consideration Description
Level 0 - No Discussion No  mention  of  diversity  in  the  study  or
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discussion related to equity.
Level 1 - Mentioned Briefly 1-2 sentences about the impact of the study on

equity or diversity. Any mentioned problems are

not elaborated.
Level  2 -  Problems Identified and

Described

Specific  equity  problems  are  thoroughly

discussed,  but  no  solutions  for  future  research

are provided or accounted for.
Level 3 - Problems Elaborated and

Solutions Offered

Specific  equity  problems  are  thoroughly

discussed and some solutions for future research

are provided or accounted for.
Level 4 - Insightful Discussion Specific problems are thoroughly discussed with

elaborated solutions on how future work can be

inclusive and diverse. If the paper is an empirical

study (with human participants), a diverse group

of  participants  is  considered  for  equitable  and

representative results. 
Level 5 - Inclusivity, Diversity, and

Equity  Incorporated  into  Paper

Topic

Study considers and tests elements of inclusivity,

diversity,  and  equity  as  it  pertains  to  AI  in

usability testing.

Results

The following section synthesizes the search results related to each research question. Figure

2 represents the number of articles published per year. 24 of the 46 papers included in this review

were  published in  or  after  2020,  with  the  majority  of  papers  from 2023 [P2,P4,P7,P8,P15,P16-

P21,P26-P37,P39]. There has been a growing trend of research relevant to this field since 2018, apart

from the spike in research in 2014. These results align with a 2023 systematic review study which

found  that  machine  learning  (ML)  algorithms  for  eye-tracking  devices  were  overwhelming  and

solely reported after 2018 [P37].
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Figure 2.

The number of included papers by year (2006 – 2022).

Figure 3 displays the proportion of included papers according to publication type (journal

articles, conference papers, or conference proceedings). Just over half the included papers (24) were

empirical  studies  [P1-P9,P11,P14-P17,P19-P21,P25-P34,P36,P38-P43,P45,P46],  and  two  papers

were systematic reviews [P23,P37].
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Figure 3. The proportion of included papers by publication type.

AI Implementation in Usability Testing Practice

35 of the 46 papers implemented AI usability testing tools intended to test digital products.

These products included mobile applications [P15,P20,P21,P34,P36], tablets [P41], websites [P1,P3-

P5,P10],

[P15,P17,P19,P20,P26,P27,P29,P46], e-learning systems [P22], video games [P2,P24], and virtual

reality  systems  [P6,P33,P43].  Tools  designed  to  assess  the  usability  of  physical  products  were

specifically tailored for these products and could not be used for evaluating other physical devices.

Physical products tested were coffee machines [P4,P16,P17,P20], remote controls [P4,P16], water

faucets [P25], and thermostats [P9].

The AI tools were integrated into various types of usability evaluations including moderated

[P1,P4,P6-P8,P10-P20,P27,P29-P33,P40-P46], and unmoderated testing [P7,P11-P14,P20,P21,P25-

P32,P38-P39,P4-P44,P46],  formative  [P3-P5,P7,P9,P11-P15,P17,P18,P21,P22,P24-P36,P38,P40-

P46]  and  summative  testing  [P4,P7,P11-P13,P15,P17,P18,P21,P22,P24-P33,P40-P46],  in-person
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[P4,P7,P11-P13],P15,P17,P18,P21,P22,P24-P33,P40-P46] and remote testing [P17,P38,P43]. Think-

aloud usability testing was a primary focus of seven papers, especially those that incorporated audio

and transcript information as input into their models [P4,P7,P8,P16,P19,P20,P41]. 

40 papers explored various AI techniques to support usability testing data analysis [P1,P3-

P23,P25-P36,P38-P43]. This includes the 2023 systematic study in which half of the ML algorithms

were used for data analysis or processing raw data [P37]. Table 4 synthesizes the six most studied

purposes of AI in usability testing and the papers that corresponded to these techniques. Refer to

Appendix C for the entire list of AI roles in usability testing found in the literature. 

Table 4. The six most studied purposes of AI in usability testing and corresponding papers.

Role of AI Details Papers
Detects occurrence of

a usability issue

Tool  identifies  occurrences  of

potential  usability  issues  after  a

session.

[P4,P7,P8,P16,P19,

P20,P25,P33,P41,

P45]
Sentiment analysis Tool  gauges  users’  emotional

reactions  while  using  a  product.  It

detects positive, neutral, and negative

reactions,  which  can  be  indicative

potential usability issues.

[P27,P28,P31,P35,P40

,

P42]

Scores  interface

usability

Tool provides a quick estimate of the

general  usability  of  a  digital

interface.

[P21,P38,P46,P13,

P46]

Detects  types  of

usability issues

Tool  detects  particular  usability

issues given a set of guidelines.

[P3,P5,P6,P9,P36]

Uses intelligent agent

participants

Intelligent  agents  simulate  the

behaviours of human participants in

usability testing.

[P2,P18,P24,P44]

Determines  percent

contribution  of

Tool identifies what features of their

product  can  be  further  improved

[P12,P22,P34]
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usability features based  on  user  perceptions  in

questionnaires.

Refer to Appendix D for the list of AI algorithms used for the purposes listed in Table 4. 

Detection of Usability Issue Occurrences

Ten papers developed and evaluated an AI-supported usability tool that detected the occurrence

of usability issues [P4,P7,P8,P16,P19,P20,P25,P33,P41,P45]. Six studies extracted verbalization data

(speech loudness, speed, keywords, pitch, structure patterns and sentiment) from sessions to train

their  models  to  detect  whether  a  user  experienced  a  usability  issue  at  a  certain  point  in  time

[P4,P7,P8,P19,P20,P25]. Other studies used visual data from recordings (head and hand movements)

[P25,P33],  electroencephalogram  (EEG)  signal  patterns  [P33], written  reviews  to  predict  when

usability issues occurred [P41], and user interaction logs [P45]. The list of AI models implemented is

provided below. 

 Natural language processing (NLP) [P4,P41], typically used to convert natural language from

transcripts to a comprehensible computer input,

 Google speech recognition [P8],

 Neural networks [P25], convolutional neural networks [P4,P16], recurrent neural networks

[P4,P16],

 Keyword matching algorithm [P16],

 Classifier algorithms: supervised ML (SVM) [P4,P16,P25,P33], random forest [P4,P16,P33],

logistic regression [P25,P33], k-nearest  neighbour [P33], and multilayer perceptron [P33],

used to learn which features contribute to the identification of a usability issue,

 Closed sequential pattern mining [P45].

Three  articles  compared  the  accuracy  of  their  algorithm  when  trained  on  different

combinations of input features. They discovered that their models achieved greater accuracy when
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the  most  input  features  were  considered  [P4,P16,P33].  Examples  of  input  features  included

transcripts [P4], verbalization and speech features [P4,P33], head and hand movements [P33], EEG

signals [P33], questionnaires [P33], and speed while completing tasks [P33]. 

Four articles compared the accuracy of various classifier algorithms detecting usability issue

occurrences [P4,P16,P25,P33]. Two papers found SVM to perform the best considering all  three

metrics: precision (76%), recall (70%), and F-score (73%), even though other models (i.e. random

forest, convolutional neural networks, and recurrent neural networks) performed better in specific

categories [P4,P16]. However, one paper found random forest to have the greatest overall accuracy

(84.23%), over SVM (80.82%) [P33]. Two papers compared the accuracy of their algorithms to the

results  of  manual  testing  [P16,P25].  One  paper  found  that,  on  average,  neural  networks

underestimated  usability  issues  by  9.1  percentage  points,  while  SVM  and  logistic  regression

classifiers overestimated by 13.6 and 31.0 percentage points, respectively. Overall, the accuracy of

AI  algorithms  implemented  to  detect  usability  issues  differed  depending  on  the  input  features

considered.

One paper visualized their AI model into a voice and/or text UX assistant interface. During

data analysis, UX evaluators would pose questions to the AI assistant about the session, and the AI

assistant  would provide their  analysis  of  the session recording.  The study found that  evaluators

mostly asked questions about participant actions, mental models, and suggestions. UX evaluators

were more trusting of factual and objective information about the session from the AI assistant,

which was also easier to miss [P7]. Another tool was integrated into an interface that displayed a

timeline of the session recording and time-stamped points in which the AI detected usability issues.

Additionally, the tool highlights the video segments that have the same set of problem features as the

currently paused timestamp, as shown in Figure 4 [P16].

https://preprints.jmir.org/preprint/67285 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Lombardi et al

Figure 4. VisTA Problem Timeline [P16]

Sentiment Analysis

Six papers implemented AI to conduct a sentiment analysis of user experiences in usability

testing sessions. These tools used EEG signals to determine the valence and arousal of participants

during sessions [P27,P40], video recording data [P28,P31], and written reviews [P35,P42]. The list

of specified AI models used is provided below. 

 Recurrent neural network [P27]

 Convolutional neural network [P28,P31]

 NLP [P35]

 Max entropy and k-nearest neighbour [P42]

Two articles reported their algorithms achieved an average overall accuracy of approximately

85%, detecting positive reactions more accurately than negative sentiments [P31,P42]. Additionally,

one paper reported an overall accuracy rate of 90%, with no specific dimension of accuracy (i.e.,

precision, recall, specificity, true positive rate, F1-Score, and decision) below 80% [P27]. In contrast

to  other  paper  results,  this  AI technique was better  at  detecting negative valence (92.13%) than

positive valence (90.19%). Lastly, a paper employing a two-part algorithm for sentiment analysis

reported a final recognition accuracy of the seven basic emotions and neutral state of 84.1%, with

fatigue resulting in the lowest accuracy of 74.5% [P28]. 
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Impact of AI on Usability Testing Practice

Table 5 provides an overview of the degree of automation achieved through the integration of

AI into usability testing practices across the included research papers. In the context of usability

testing, automation refers to leveraging AI technologies to execute tasks, thereby decreasing UX

evaluator intervention. 

Table  5.  An overview of  the  degree  of  automation  achieved  through the  integration  of  AI  into

usability testing practices.

Level  of

Automation

Description Papers

Level  0  -  No

Automation

Evaluator conducts all phases of testing

manually.
Level  1  -

Assistance

Evaluator  is  required  for  all  phases  of

the test. Some tasks are supported by AI,

but the evaluator is in charge of making

decisions.

[P4,P7,P8,P11,  P13,

P14,P15,P17,P19,P20,

P21,P25,P26,P27,P28,P29,

P30,P31,P32,P34,P35,P39,

P45,P46]
Level  2  -

Partial

Automation

Rule-based decision-making to evaluate

specific  aspects  of  the  design.  AI  is

dependent on the evaluator for all input

and interventions.

[P1,P3,P5,P6,P9,P10, P12,

P16,P22,P33,P38]

Level  3  -

Conditional

Automation

Inferred decision-making to evaluate the

general usability of the design, including

recommendations  and  actions.  AI  can

handle  most  operations  with  some

exceptions.

[P2,P18,P24,P36,P43]

Level 4 - High

Automation

AI automatically takes action to achieve

all  service-level  objectives  of  usability

[P44]
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testing.  AI  can  handle  all  operations

with few exceptions.
Level 5 - Full

Automation

All  operations  can  be  handled  by  AI

with  or  without  human  input  without

exceptions. 
Not

Applicable

Literature Review [P23,P37]

Based on the results from Table 5, AI primarily assisted evaluators, by offering a second

opinion for usability errors or performing tedious tasks. These results align with a 2023 systematic

study that found around 8% of all ML-based eye-tracking articles reported using automatic processes

[P37].  Further,  high  automation  was  often  used  for  specific  use  cases  and  in  a  narrow area  of

applicability [P37]. Studies identified as Level 2 - Partial Automation used AI to identify particular

usability issues of a product given a set of guidelines, such as Nielsen Norman Heuristics [P3][P5]

[P6][P9]. Level 3 - Conditional automation included studies that implemented intelligent agents to

mimic the behaviours of human participants  in  usability  studies  or  replaced the evaluator  under

certain conditions [P2,P18,P24,P36]. The Level 4 - High automation paper implemented intelligent

agents in video games [P44]. 

Impact of AI on Equity

Each  article  was  evaluated  on  a  zero-to-five-point  scale  regarding  how  much  they

incorporated inclusion and diversity into their study design and/or considered the implementation of

equitable usability testing practices in their discussion. Table 6 summarizes the results.

Table 6. An overview of the degree of equity consideration in study design of papers.

Level  of  Equity

Consideration

Description Papers

Level  0  -  No No  mention  of  diversity  in  the [P2,P3,P5,P6,P7,P8,P9,P10
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Discussion study  or  discussion  related  to

equity.

,

P11,P12,P13,P21,P27,P29,

P30,P31,P34,P35,P38,P40,

P42, P44,P46]
Level  1  -

Mentioned Briefly

1-2 sentences about the impact of

the  study  on  equity  or  diversity.

Any  mentioned  problems  are  not

elaborated.

[P1,P14,P18,P22,P24,P26,

P28,P32,P33,P36,P37,P39,

P41,P43]

Level 2 - Problems

Identified  and

Described

Specific  equity  problems  are

thoroughly  discussed,  but  no

solutions  for  future  research  are

provided or accounted for.

[P4,P15,P23,P45,P16,P17]

Level 3 - Problems

Elaborated  and

Solutions Offered

Specific  equity  problems  are

thoroughly  discussed  and  some

solutions  for  future  research  are

provided or accounted for.

[P16,P17]

Level  4  -

Insightful

Discussion

Specific  problems  are  thoroughly

discussed with elaborated solutions

on  how  future  work  can  be

inclusive and diverse. If the paper

is an empirical study (with human

participants),  a  diverse  group  of

participants  is  considered  for

equitable  and  representative

results. 
Level  5  -

Inclusivity,

Study considers and tests elements

of inclusivity, diversity, and equity

[P19,P20,P25]
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Diversity,  and

Equity

Incorporated  into

Paper Topic

as  it  pertains  to  AI  in  usability

testing.

As shown in Table 6, half of the papers (23) did not consider the impact of AI on equity,

diversity, and inclusion (EDI) of usability testing methods. Several papers briefly mentioned that AI

could  capture  and analyze  large datasets  in  a  shorter  amount  of  time,  generating more  accurate

results [P18,P20]. Some studies noted that AI can increase the objectivity of usability testing results

through the measurement of quantitative data [P22,P23,P33,P34,P38], while other papers indicated

that  the  output  from  AI  tools  was  still  subjective  [P17,P23,P45].  The  level  of  subjectivity  is

dependent on the purpose of the AI-supported usability tool and what data it collects. For example, a

sentiment analysis AI model trained on written reviews will likely result in more subjective results

than a model trained on participant answers on a user experience Likert scale questionnaire. Similar

conclusions were drawn in a systematic review conducted in 2017. The article argued that there were

ongoing  ambiguities  in  quantitatively  measuring  usability,  as  well  as  a  gap  between  its  more

objective dimensions (e.g. effectiveness and efficiency) and subjective aspects (e.g. user satisfaction)

[P23]. 

One paper noted that there is a lack of overlap between the issues found by the AI model and

traditional user testing, noting the same concern about the adequacy of current testing methodologies

and their capacity to accurately represent the diversity of user populations [9,P41]. 

Several papers highlighted that AI serves as a valuable second opinion for UX evaluators

during  data  analysis,  thereby mitigating the evaluator  effect  [P16,P20].  This  effect  occurs  when

distinct  groups  or  individuals  conducting  a  usability  evaluation  identify  vastly  different  issues.

However, AI has the potential to perpetuate the evaluator effect, depending on how it was trained and

the degree of reliance on it. If the model was trained on a limited dataset from a small group of UX
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evaluators  or  learns  predominantly  from the  inputs  of  a  specific  evaluator,  it  introduces  biases.

Additionally,  if  the  evaluator  overly  relies  on the  AI  tool,  it  influences  their  perceptions  of  the

observed session, exacerbating the evaluator effect [P17].

Three articles thoroughly integrated aspects of EDI in their studies. One paper evaluated the

verbalization  patterns  of  Chinese  non-native  English  speakers  in  different  think-aloud  testing

protocols. Comparing native and non-native English speakers against verbalization categories (i.e.

what they talked about: procedure, reading, design and other), the study found that despite subtle

differences in verbalization patterns, there was no statistically significant effect on either the number

of problem encounters or the number of actual problems identified between language groups. They

concluded that intermediate-level non-native English speakers can be as effective as native speakers

in identifying UX problems. As such, verbalization data from non-native speakers can be used to

train  AI  that  aims  to  detect  usability  problems  [P19].  Led  by the  same author,  a  similar  study

compared the verbalization patterns  of  young adults  versus older  participants.  They found older

adults used more negative sentiments and noted their  observations,  spoke aloud more frequently

while reading, and low speech rate was not a precise indicator of usability issues like young adults

[P20].  The  third  study  evaluated  an  AI-supported  usability  tool  that  detected  the  occurrence  of

usability  issues for older  adults  with dementia while  using three types of water  faucets.  The AI

models first segmented clips of interest from the recordings and identified the specific action (e.g.

turning on the faucet) where the usability issue occurred [P25]. 

Ten  studies  evaluated  their  tool  with  university  students  and  five  studies  included  UX

evaluators  of  a  specific  educational  and  national  background  [P1,P5-P12,P17,P19,

P22,P29,P32,P34,P40]. There was a notable underrepresentation of elderly individuals, people with

disabilities, and those from diverse ethnic and economic backgrounds. These results align with the

findings from a 2023 systematic review study, in which nearly all studies included young adults and

students,  while  only a  few studies mentioned including people with disabilities  in their  samples
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[P37]. Articles that evaluated AI-supported usability tools with UX evaluators and professionals had

a smaller sample size than studies with other participant demographics. Refer to Appendix E for a

summary of the participant demographics noted in experimental studies. 

Discussion

The literature explores various techniques and AI models to aid in usability testing, especially

in  the  most  time-  and  resource-intensive  phase  of  data  analysis.  This  exploration  is  crucial  for

identifying the most optimal AI models, as well as how to best present these algorithms to support

HF analysts. Despite these advancements, the scope of many of these tools is not generalizable to

medical devices and services, as they have not been well-evaluated with diverse user groups and

scenarios.  There  are  still  research  gaps  that  need to  be addressed  before  or  in  parallel  with AI

development for usability testing. These claims are explored in detail below.

The Usefulness of AI-Supported Usability Tools in Usability Testing

An analysis of the usefulness of the most studied AI features from the Results section is

provided  below. Usefulness  is  defined  as  the  degree  to  which  the  AI-supported  usability  tools

alleviate UX evaluator workload in their tasks, as it pertains to testing medical devices and services.

Detects occurrence of a usability issue: 

 Benefits: Trained on a wide set of input features, these tools can quickly and accurately detect

the occurrence of usability issues and can find more usability issues than traditional user

testing [P41]. 

 Limitations:  The tools cannot identify what usability issue the user experienced and cannot

explain why they experienced this issue. Some techniques inaccurately segmented the video

clip  with  the  usability  issue,  especially  when  identifying  the  start  and  end  of  an  issue

[P16,P25]. Given the current capabilities of the tool, UX evaluators are still required to assess
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every  issue.  Moreover,  the  diversity  of  the  data  the  tool  is  trained  on  is  limited,  not

accounting for all user groups. As such, the tool may not significantly reduce the amount of

time and cognitive load required to conduct their analysis.

Sentiment analysis: 

 Benefits: These features are beneficial for formative user research and early prototype testing

when user perceptions are of greater priority than the objective usability of a device. Studies

focusing  on real-time measurements  of  valence,  arousal,  and cognitive  load  during  tasks

could  be  especially  valuable  for  high-fidelity  usability  testing.  This  approach  allows

evaluators to pinpoint specific tasks to discuss during debrief sessions, aiding in identifying

whether users encountered usability issues. 

 Limitations:  Similar  to  tools  that  detect  the  occurrence  of  usability  issues,  AI-informed

sentiment analysis is unable to explicitly explain why the user experienced certain emotions,

requiring  evaluators  to  manually  assess  each  potential  usability  issue  occurrence  [19].

Thereby, not significantly reducing the amount of time and cognitive load required to conduct

their analysis.

Scores interface usability: 

 Benefits: These tools help identify whether an iteration of an interface design has improved

the  overall  usability  of  the  product. This  is  particularly  useful  for  comparing  the  overall

usability of two products or services [20].

 Limitations: These tools are not particularly beneficial for usability testing which requires the

identification  of  specific  usability  issues  and  recommendations  for  improvement  of  the

product  [4].  Moreover,  its  accuracy is  limited  by the features  it  was  trained on,  such as

interface architecture or selected questionnaires [P13,P46].
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Detects types of usability issues: 

 Benefits:  UX evaluators  can  consult  with  these  tools  to  confirm their  findings,  which  is

especially beneficial if evaluators are unable to collaborate with other colleagues. 

 Limitations: The usefulness of automated usability problem detection is currently specific to

certain  guidelines  or  products/services,  making  it  difficult  to  adopt  in  general  usability

practices where usability issues are more complex. Another challenge that may arise with the

development of this feature is over-reliance [P17,21]. Especially as the feature becomes more

advanced, UX evaluators may not feel the need to critically evaluate the products/services as

thoroughly as they did with traditional testing. Over-reliance can result in a bias towards the

AI tool and the data it was trained on.

Uses intelligent agent participants: 

 Benefits:  Intelligent  participants  allow  designers  and  evaluators  to  identify  different

perspectives of using their product/service that may not be easily accessible in real contexts

or  apparent  when testing  with  human participants.  This  was  demonstrated  with  usability

testing of video games, as simulated agents can traverse paths through a video game that a

sample  of  human  users  may  not  have  passed  through [P2,P24].  It  can  positively  impact

inclusivity in user testing, as there are barriers to traditional user testing that prevent some

user groups from participating. For example, usability testing sessions require participants to

carve out  time out of their  day to  participate.  This disproportionately prevents  low-wage

participants from participating in sessions, as they tend to work substantially long hours [20].

Intelligent agents can encapsulate a basic level of the perspectives of excluded participants,

still including their experiences in the design of the product/service.

 Limitations:  Simulated agents come with the risk of oversimplifying human complexities,

resulting  in  the  introduction  of  biases  and  stereotypes.  Further,  evaluators  must  assess
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whether the behaviours exhibited by intelligent agents frequently occur in real-world settings

and how severe the consequences are of these behaviours.

Determines percent contribution of usability features: 

 Benefits: These tools assist designers to prioritize which features of their product should be

further improved based on user perceptions. 

 Limitations:  These tools are trained on provided questionnaires and checklists, neglecting

results from scenario testing and evaluator observations. Further, these tools do not specify

the usability issues associated with a particular feature, requiring the evaluator to manually

conduct their root cause analysis.

Impact of AI-supported Usability Testing Tools and UX Evaluator Perceptions

Most of the AI-supported usability tools found in the literature were intended to assist UX

evaluators with their practice. More studies that looked to automate aspects of the process replaced

participants rather than the evaluators. These research directions align with two 2023 survey studies

evaluating the perceptions of designers and UX evaluators who use AI-assisted usability tools in their

work.  Evaluators  felt  that  AI  tools  should  prioritize  human oversight  and control,  as  AI cannot

replicate  human  capabilities  [21][22].  Although  these  perceptions  may  not  be  true,  initially

developing AI-supported usability tools that align with the UX evaluator expectations will be more

easily  adopted  in  practice.  Moreover,  while  data  analysis  remains  the  most  time-  and resource-

intensive aspect of usability testing, another solution would be to further develop AI tools that can

handle laborious tasks that do not require the same degree of problem-solving capabilities as data

analysis. Examples include the development of AI models to support the generation of test plans and

test scripts, as well as participant recruitment and creative work [22]. UX evaluators may be more

accepting of fully automating tasks that do not require as much problem-solving capability and are

more well-tested with technology such as ChatGPT. It should be noted that  this finding may be a
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result of a limitation of this literature review, as the papers included in this study were required to

develop/evaluate AI-supported tools specifically for usability testing. AI currently implemented into

other experiment methods and could potentially be applied to usability testing, such as participant

recruitment, were not included.

Evaluators were also concerned that AI tools may not be compatible with existing design

workflows  [21].  Five  studies  addressed  this  concern  and  sought  feedback  from UX  evaluators

regarding  the  design  of  their  tools  and  how  the  tools  would  integrate  into  the  workflow

[P5,P7,P8,P17,P32]. 

However, UX evaluators from the survey studies identified four other concerns regarding the

use of AI in their practices that were not addressed in the literature and were not areas of focus in this

review. A list of these concerns is provided below:

1. Designers must acquire new skills to use AI tools [21].

2. Sufficient and appropriate training data is challenging to acquire [21].

3. AI algorithms have the potential to harm the user [21][22].

4. AI poses a threat to privacy and confidentiality [21][22].

These  concerns  should  be  considered  when  evaluating  the  development  of  future  AI-

supported usability tools to ensure that not only they are well-adopted by evaluators, but also provide

reliable results, especially in high-risk environments such as healthcare.

Application of AI-supported Usability Tools in Equitable Practice

Overall, the literature is in the early stages of exploration, investigating a variety of novel AI

techniques  to  support  usability  testing,  particularly in  data  analysis.  However,  there is  a  lack of

robust,  well-evaluated  models  that  are  ready for  practical  implementation,  especially  in  medical

device or service testing. 

Many AI implementations studied are limited to specific product types, which restricts their

applicability in broader contexts. With technical and physical components in many medical device
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products and services, AI-supported usability tools can currently only assist specific aspects of an

evaluation, such as interface design. 

Current research directions generalize their AI models to a variety of evaluation methods,

with a focus on think-aloud testing.  These tools  might  be less effective for summative usability

testing, which is typically mandated by FDA guidelines, as this method requires users to evaluate the

product or service in real-world settings. Consequently, users may not articulate their actions and

thoughts while interacting with the product or service. It would be beneficial to develop and test the

accuracy of AI models in specific evaluation contexts to gain insights into what types of models best

serve certain evaluation types. 

What is of more concern is that the metrics to measure the accuracy of these models are

based on the traditional usability practices of a few UX evaluators. There is research to suggest that

traditional usability testing is inadequate to accurately represent the diversity of user populations, as

a result of the evaluator effect [5,P17,P23]. As such, we cannot be certain that AI is eliminating,

perpetuating, or exacerbating the biases that exist in current testing processes if they are being tested

against  traditional  practices.  The  potential  for  biases  in  AI  was  also  a  primary  concern  of  UX

evaluators found in two 2023 survey studies [21][22]. As such, ensuring that the biases of these tools

are mitigated and communicated to evaluators so that they know how to mitigate them is significant

when these AI-supported usability tools are deployed in practice.

Priority Research Directions

With these considerations, the priority for future research should be to develop standardized

traditional  usability  practices  that  better  account  for  equity  and  mitigate  the  evaluator  effect.

Collaboration  between  UX,  AI,  and  sociotechnical  experts  is  essential  for  expanding  the

understanding of  usability  testing  beyond a purely  technical  view,  to  include  the  broader  social

systems they function within. Engaging various disciplines and stakeholders is necessary to identify

equity issues in current practices and establish scientifically grounded guidelines for addressing them
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[23]. These guidelines should be prioritized in foundational human factors education and regularly

updated  to  align  with  the  continuous  evolution  of  AI  development  [21].  These  guidelines  will

provide a more reliable baseline for researchers to compare their AI models to. Further, researchers

should continue testing their models against a variety of user groups. It is recommended to test these

models  with  individuals  of  various  identities,  including  socio-economic  status,  educational

background,  sex,  etc.,  and  consider  how  the  intersectionality  of  these  identities  can  affect  the

accuracy and reliability of the AI algorithms.

However, as user testing companies and experts are already incorporating AI tools into their

practices, it would be of interest to examine what particular AI techniques are being developed and

what considerations have been made in terms of their impact on equitable product development. This

may include the evaluation of existing AI-supported usability tools currently on the market, such as

UserTesting AI. It is more significant for research to evaluate how these tools impact the equity of

usability practices, as these tools are currently impacting the usability testing practice of medical

devices and systems. 

Conclusions

Equitable usability testing is critical for medical device and system testing, as it minimizes

potential use errors resulting in patient injury  and death.  Integrating AI tools into usability testing

processes only emphasizes the need to guarantee that  our practices address and ideally  alleviate

potential equity failures. The literature has made strides to develop novel AI techniques to facilitate

various usability testing methods, especially tools that detect the occurrence of usability issues and

sentiment  analysis.  Currently,  AI  usability  tools  are  intended  to  assist  UX evaluators  with  their

practices, aligning with UX expert preferences. However, the impact of AI on the equity of usability

testing  practices,  especially  for  marginalized  communities,  has  not  sufficiently  been explored  in

research.  Overall,  the scope of many of  these AI usability  tools  is  not  generalizable to  medical
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devices and services, as they have not been well-evaluated with diverse user groups and scenarios,

and  various  types  of  products  and  services.  It  is  recommended  for  future  usability  research  to

evaluate the current AI-supported usability tools on the market to ensure that they are considering the

impact of their platforms on the equity of usability testing practices.  More importantly, AI, UX, and

ethics  experts  should  prioritize  co-developing  standardized  and  equitable  usability  practices  for

human factors regulations and guidelines. These considerations can significantly reduce the number

of poorly designed medical devices and systems, and thereby decreasing health disparities which are

associated with health outcomes, premature death, and health care costs.
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