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Artificial intelligence (Al), an interdisciplinary field designed to emulate human intelligence, has advanced
rapidly in recent years. Al and generative large language models have unique capabilities that, while
promising, raise ethical concerns and challenges to practice, including issues related to confidentiality,
transparency, test bias, and data security. Al has already been integrated into assessment processes,
including test development, administration, scoring, and report writing, introducing unprecedented op-
portunities and risks. Psychologists must navigate these complexities to uphold ethical principles and ensure
Al’s responsible use in advancing the field. This article discusses several ethical concerns that may emerge
as the field increasingly incorporates this emerging technology. This review highlights the urgent need for
transparent, explainable Al systems, robust ethical guidelines, and empirical research guiding AI’s ap-
plications in the future of psychological assessment.

Public Significance Statement

This article details ethical considerations and challenges related to psychological assessment, which
health service psychologists are likely to face as artificial intelligence rapidly advances.

Keywords: artificial intelligence, assessment, ethics, large language models

Artificial intelligence (Al), an interdisciplinary field that aims to mimic
human intelligence, has recently surged in capability and popularity
(Aschenbrenner, 2024). Al is the newest phase of computer-assisted
psychological assessment, including evoking similar issues of ethics,
validity, and accessibility seen historically in other technologies (see
Fowler, 1985). Al also poses unique ethical risks based on its interactive
and generative nature (Farmer et al., 2025), such as serving as a per-
sonalized coach for assessments in academic and professional settings
(Dien, 2023; Plotkina & Sri Ramalu, 2024). Al also poses similar risks as
other communicative mediums (e.g., online articles), including spreading
misinformation or perpetuating harmful stereotypes (Yiu et al., 2023). Al
methods include supervised and unsupervised machine learning (both of
which are abbreviated as ML in the literature), which do not require
human input at every decision-making juncture along its development
(e.g., include or not include a variable in the model; Russell & Norvig,
2010). In short, Al is unique in its novelty and emerging impacts to
computer-involved assessment, warranting unique attention to how to
face the ethical challenges it presents.

The American Psychological Association’s (APA, 2017) ethics
code requires that psychologists remain within their boundaries of
competency and base assessments on empirical, contextual, and
cultural factors. Moreover, assessment training is a required compe-
tency for APA health service psychology (e.g., clinical, counseling, or
school psychology) accreditation (APA, 2015). There has been a rapid
growth of Al as a technology (Chen et al., 2023), leading to numerous
position statements and recommendations (APA, 2024; White House
Office of Science and Technology Policy, 2022). However, there are
no Al guidelines focused on psychological assessment competencies
from leading assessment organizations. The APA is gathering public
comments on an ethics code revision, which hopefully will address
many Al-related concerns. Despite efforts to generate rules and
protections, our safeguards are not sufficiently in place at present, and
Al technology continues to advance and is even more rapidly be
adopted for use. One study, for instance, found that 67% of health care
leaders report already incorporating Al into their medical systems
(Stewart, 2021). Likewise, schools around the country are rapidly
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2 HERRING AND INGRAM

having to respond to the use of Al by students, who hold differing
views of what is considered ethical (Lee et al., 2024). Moreover, Al
has also already been incorporated in psychological assessment
development (Kjell et al., 2024), selection (Weakley et al., 2015),
administration (Chandler et al., 2020), transcription (Natoli, 2025),
scoring and interpretation (Jiménez-Mesa et al., 2023), and report
writing (e.g., parchment-Al agent).

This article reviews uses (and potential future uses) of Al in
psychological assessment and contextualizes those areas according
to the principles from the APA Ethical Guidelines. Examples may
reference Chatbots (ambiguous) or may be explicit to ChatGPT.
ChatGPT is referenced explicitly as research shows ChatGPT is
often, at present, superior in relevant responses, relative to other
models (Lavigne et al., 2024).

Al: Human or Program?

Al is not a new field. Rather, it was developed by incorporating
principles from psychology and cognitive neuroscience with a goal
of achieving general intelligence.' The methods used with different
Al models have changed over time. For instance, early models used
visual perception and associative learning as their basis (see Stone,
2024). More recently, Al has shifted to use large language model
(LLM) approaches (e.g., Al Chatbots such as ChatGPT), addressing
earlier limitations in associative models (namely, complex identi-
fication or discriminant learning). In contrast with associative
models, LLM numerically code words and generate predicted re-
sponses using an unsupervised learning approach (Bommasani et
al., 2022). Unsupervised learning means, roughly, that Al is allowed
to identify patterns without being given examples of what to look for
or directions about how to find those patterns. These trained models,
those that have processed their input data and had the time to sort
out the patterns, have made remarkable advances in only a handful
of years. In short, generative LLM learn in a “black box,” evading
human understanding because of their unsupervised approaches
(Bommasani et al., 2022; Stone, 2024). Further, this methodology
continues to grow beyond human comprehension as additional
milestones (e.g., artificial general intelligence) remain unpredict-
able, but speculatively close, due to exponential technology growth
(Aschenbrenner, 2024).

Inherent in Al is the need to mimic human intelligence—that is,
learning from its environment (i.e., training database) and applying
those lessons to prompts (e.g., asking a Chatbot to write a poem). AL
does not perform in a uniform and consistent manner (e.g., the same
prompt can get different results), nor does it require human in-
struction for every action. For example, Al can receive one request
for information and independently search the internet for results,
whereas traditional methods require human decision making when
selecting a search tool, search terms, and articles for review. This
independence sets Al apart as a tool and as a risk. Al models have
also shown diverse personality traits and values dependent on the
training language and data used, adding potential humanlike bias in
their use (Pellert et al., 2024). Consequently, Al models operate in
an ethical gray area wherein no one user or organization is
responsible for their conduct (Keskinbora, 2019; Naik et al., 2022).
This lack of oversight creates a liability to the practice of profes-
sional psychology, raising several ethical concerns like competence,
appropriate delegation, and consultation (APA, 2017).

Depending on the extent to which Al continues growing,” ethical
issues are likely to arise surrounding AI’s ability to act as a consultant
or other entity, such as one to which assessment-related tasks (e.g.,
report writing) may be delegated (see Fowler, 1985). Already, Al is
different from traditional forms of online information collation ap-
proaches (e.g., Google searches) because these programs act as per-
sonal coaches working through problems step by step with the
individual. For instance, you can ask an Al to explain something
differently if you do not understand its initial response, and it will
explain things to you more clearly—learning from and adapting its
interactions with you to do so. This adaptive process decreases the
burden of identifying and gathering online information relative to less
sophisticated methods of online searching (Yiu et al., 2023). Given
these unique complexities and rapid model innovation, developing
ethical guidelines for LLM is akin to adopting education strategies to a
student with an undergraduate skillset 1 week and a doctoral level
skillset the next. Rapid growth in model capacity may require rapid
changes. Such unpredictable, exponential growth and obfuscated inner
workings of Al models make specific recommendations difficult to
solidify (Aschenbrenner, 2024; Bommasani et al., 2022).

Health service psychologists must base their work on professional
knowledge and assume responsibility for scoring programs (APA,
2017). Clinicians conducting assessments are then at the mercy of
the model and its areas of competency. Such responsibility ne-
cessitates a baseline understanding of the assessment administered
and the Al model used to (a) justify their use of a particular model
and (b) monitor and evaluate a model’s decision-making ability.
Concerningly, not even Al researchers know how LLM learn or
apply data (Bommasani et al., 2022; Stone, 2024). To address these
concerns and promote ethical use of this new technology, an Al
model would need to be transparent and explainable on a general
level so that psychologists may understand how it reached its
conclusions and what weight was given to distinct aspects of evi-
dence (Chandler et al., 2019; Naik et al., 2022).

Attempts to grapple with the complex ethics of Al are ongoing
(Chandler et al., 2019; Jobin et al., 2019; White House Office of
Science and Technology Policy, 2022), including by the APA (e.g.,
APA, 2024). Across industries and governments, there are four
common ethical principles that have emerged: transparency, justice
and fairness, nonmaleficence, responsibility, and privacy (Jobin et
al., 2019). These four common ethical considerations mirror those
outlined in the APA general ethical principles and may provide a
framework for applying APA’s ethical code to AI’s role in
assessment (APA, 2017). For example, the U.S. government
identified the need for safe and effective systems, algorithmic
discrimination protections, data privacy, notice and explanation, and
human alternatives when using with AI (White House Office of
Science and Technology Policy, 2022). In addition, explainability,
transparency, and generalizability of Al models are required for trust
among psychiatrists and other health professionals (Chandler et al.,
2019). By looking at the APA general principles and standards

! General intelligence, also referred to as artificial general intelligence,
refers to a “universal algorithm for learning and acting in any environment”
(Russell & Norvig, 2010, p. 27), that is, an Al program intelligent enough to
adapt to an environment as sophisticatedly as humans.

2 Expert estimates for achieving human-level Al range from 5 to 40 years
(Aschenbrenner, 2024; Roser, 2023).
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ARTIFICIAL INTELLIGENCE IN PSYCHOLOGICAL ASSESSMENT 3

outlined in other fields, initial standards for Al use in psychological
assessment can be derived, which is the purpose of this article.

Developing Standardized Assessment Instruments

Al will likely play an increasing role in the development of
psychological assessments and the advancement of assessment
practice. Indeed, AI’s strengths are already being deployed in various
ways to assessment practices (e.g., using linguistic patterns to predict
schizophrenia; Kjell et al., 2024), and these efforts have produced
better diagnostic practices than psychiatric residents (Bang et al.,
2025). The nature and rapid development of LLM create a unique
environment for test development. For instance, Al could easily
develop items in real time, identify response patterns, check for
subgroup bias, as well as translate existing measures, removing
various scale development and refinement stages (e.g., expert item
review, etc.). Such potentials are worth consideration and pursuit due
to increasing AI's accessibility and lowering cost, given their
assessment effectiveness (Rollwage et al., 2023). Doing so may
allow us to increasingly “give psychology away™ (cf. Buchanan,
2002; Miller, 1969) through decapitalization of assessment (see
Gibby & Zickar, 2008 for a history). Removing barriers to instrument
development and improved client access seems likely to create a
more open, but still secure, era of “evidence-based psychological
assessment” (Wright et al., 2022). On the system backend, for
instance, an Al assessment agent may examine items for differential
functioning and could adjust scoring because of explicit instruction
and training. Likewise, the A I assessment could generate additional
items to “test out” and ensure the salience of known biases factors is
less pronounced in scoring, self-propelling its own refinement while
maintaining item replicability. A similar method of item generation
and validation was long used for the Graduate Record Exam, a
standard entrance test used in graduate school admission processes.
Such a practice would provide an opportunity to establish diversity-
centered assessment practices by adaptively examining known
cultural influences on testing (e.g., Wright, 2024). In both examples,
these capacities are consistent with those made possible by gener-
ative Al (see Galatzer-Levy et al., 2026). Per APA Ethics Code
Standard 9.05, “Psychologists who develop tests and other assess-
ment techniques use appropriate psychometric procedures and
current scientific or professional knowledge for test design, stan-
dardization, validation, reduction or elimination of bias, and re-
commendations for use” (APA, 2017).

Each Al model operates under different training data (e.g., learned
understanding of what it should do and how it should do it), leading
the Al models to behave differently and produce different privacy
concerns (Chandler et al., 2019). Different versions of the same
model (ChatGPT 4o vs. ChatGPT 5), as well as competing models
(ChatGPT vs. Google Gemini), have different training data and
operational capacity. Such differences in training data create dif-
ferences in Al model learning, which means that AI models change
as technological breakthroughs occur. These changes sometimes
worsen model accuracy (e.g., identifying prime numbers) and
responsiveness to user prompts (e.g., openness to sensitive prompts;
Chen et al., 2023). For clinicians to psychometrically assess an Al-
based test, they would need to assess the model as well as the specific
testing method used. This research would require a transparent model
and an understanding of the program, even when the exact behavioral
change of these models is still unknown (Chandler et al., 2019; Chen

et al., 2023). The rapid development of Al and related technology
underscores the need for technological competency in health service
psychology (Weisenmuller & Luzier, 2023).

Al programs can assess in ways humans cannot (e.g., assessing
using linguistic patterns). While this capability presents a unique
benefit of Al and LLM, it also creates a paradox. Clinicians need to
understand a program’s methodology well enough to audit its
decision-making capacity. An understanding sufficient to audit an
Al program’s methods undermines the benefit of, and is in contrast
with, methods being beyond human capability or consciousness.
Specifically, traditional actuarial programs and human insight would
be sufficient if humans could proficiently understand and employ a
model’s methods. For example, language-based assessments could
code client speech far beyond human capabilities (Kjell et al., 2024).
Such models operating outside human ability would be difficult, if
not impossible, to audit (Aschenbrenner, 2024). If humans could
reliably detect such subtle language patterns, AI might be unnec-
essary, as human judgment and traditional software could do the job
without concern.

The speed at which Al models evolve unveils an additional ethical
concern. Per APA Ethics Code Standard 9.08 (APA, 2017),
assessment psychologists ought not base opinions on obsolete
measures. This ethical concern is relevant when selecting between
editions of a test (e.g., WAIS-IV vs. WAIS-V). Clinicians can easily
identify when newer editions of standardized assessment instru-
ments release and audit the changes relevant to their contextual
needs. LLM, however, undergo continuous updates, even within the
same published model update (e.g., ChatGPT 5). The same versions
of ChatGPT, for example, differ in math and coding even within
3 months (Chen et al., 2023), and these changes did not coincide
with official model updates. Psychologists are guided to use their
judgment about test adoption with no clear absolute benchmarks
(Bush et al., 2018). Clinicians must also understand the benefits that
a new Al model may bring to justify its professional use. The
knowledge that psychologists have about Al and Al models will be
directly relevant to their ability to compare the assessment capacity
of the newer model. However, Al models add a level of techno-
logical complexity that may elude clinicians—as they already elude
the programmers designing them (Bommasani et al., 2022).

We were unable to identify any studies or reviews that encap-
sulate the perspectives of assessment psychologists about Al and
how it impacts their jobs now or may in the future. Such data may be
a useful benchmark as the profession considers general model
knowledge and technology competency needs related to the field.

3 Giving psychology away” is framed not as a concrete outcome but as an
ethical orientation for how the field might use its accumulated knowledge and
power to address problems. From this perspective, the primary beneficiaries
of psychological knowledge should be those who receive and deliver
psychological services directly, rather than intermediary corporate systems
that package such knowledge as products and are vulnerable to distortion
through automation, market pressures, or efficiency mandates. The goal is a
redistribution of access and benefit such that our knowledge and science may
be applied more equitably. Our shared perspective is that Al introduces a
genuinely novel capacity to expand the validity and utility of psychological
assessment already without technologies outside our grasp (e.g., artificial
general intelligence). The central challenge we face as a field is ensuring that
these developments remain grounded in scientific rigor and aligned with the
profession’s ethical and professional responsibilities, rather than allowing
technological efficiency to supplant disciplinary standards or theoretical
grounding.
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4 HERRING AND INGRAM

Further complicating the potential, and probable in the authors’
view, technology—knowledge gap, Al is regularly and increasingly
updating in its capacity to perform tasks (Aschenbrenner, 2024;
Roser, 2023). Updating a model requires additional training, built on
more advanced technological hardware (e.g., Graphical Processing
Units [GPUs] primarily) and information (e.g., data, sometimes
called training data sets). New models have the potential to offer
new, not merely incremental, capacities.

In addition, standardized psychological instruments (e.g., WAIS,
MMPI, Rorschach) often rely on normative data as a means of
contextualizing client responses. Akin to norms within a psycho-
logical assessment are the data on which an Al model is trained
(Russell & Norvig, 2010). Biased data can lead to interpretive
problems as well as discriminatory practices, which are already
occurring (Hacker, 2021). Al models can also form stereotypes
based on simplified or unrepresentative data. These threats raise
concerns, particularly in cases where a model assesses someone in a
population with which the LLM is unfamiliar (see APA Ethics Code
Standard 9.02; APA, 2017). Should an assessment dependent on Al
emerge, training data need to be accurate and representative of the
target population. While true of other tests generally, failure to do so
with Al may result in LLM with differing values and traits from
those assessed, as well as discrimination based on dialectical pat-
terns (Hofmann et al., 2024). At present, Al systems are likely to
develop interpretive and speculative bias (Pellert et al., 2024), and
this bias may lead to diagnostic and predictive inaccuracies. Thus,
researchers and clinicians developing and using Al in assessment
practice must closely monitor these trends, lest their testing deci-
sions may no longer align with our evaluative needs and ethical
principles.

Selecting and/or Administering Assessments

Current administrative uses for Al in psychological assessment
have primarily occurred through remote or self-administration
(Chandler et al., 2020). These models occur via smartphone ap-
plications and allow users to receive assessments without concurrent
human oversight (see Fiske et al., 2019 for analogous examples in
therapy). As Al models gain more autonomy and present as more
humanlike, Al psychometrists may have the capacity to indepen-
dently develop, select, and administer assessments. One popular
benchmark for Al is the “Turing Test,” which states that intelligence
is achieved when a model’s responses to written questions are
indistinguishable from human responses (see Turing, 1950). The
exponential growth of generative LLM suggests that these and
other programs may soon “pass” the “Turing Test” (OpenAl, 2023).
Indeed, some have already claimed that modern Al system capacities
have surpassed this benchmark (Mei et al., 2024). However, the
“Turing Test,” despite its name, is a vague goal and not an explicit
measurement method. This ambiguity will likely result in waves
of reported success as “Turing Test” benchmarks change or are
abandoned due to criticisms over these and other such flaws (Moor,
2001). Regardless of the benchmark used, LLM’s ability to match
human cognition, independence, and behavior in any domain sets it
apart as a tool for clinical practice, reinforcing the ethical quandary
of Al operating between personhood and automation. This concern
will likely grow as AI’s intelligence increasingly outweighs its
artificiality.

Ethical considerations in Al assessment parallel those found in
other psychological interventions, such as therapeutic contexts (e.g.,
transparency, harm protection, and confidentiality; Chandler et al.,
2019; Fiske et al., 2019). Al models also develop personality, gender,
and value-based perspectives drawn largely from dominant, WEIRD
(i.e., Western, educated, industrialized, rich, and democratic) culture
paradigms (Pellert et al., 2024). How Al models approach harmful
situations and risk assessments directly threaten psychology’s ethical
aspiration to beneficence and nonmaleficence. For example, consider
a client who expresses some suicidality but does not explicitly state
it. A psychologist can use their clinical judgment in determining
whether a limit of confidentiality has been reached and appropriately
report. Al models, however, hold a plethora of semantic information
but do not grasp its meaning, nor are these models capable of true
humanlike reasoning (Ferrario, 2024). Likewise, LLM generally
values authority, loyalty, and purity more than humans (Pellert et al.,
2024). In short, it is unclear what AI models consider, and how they
navigate ambiguous ethical situations where psychologists disagree.
Understanding the process of decision making is critical to effective
ethical practice (Leong et al., 2013). Al-dependent assessments may
require clearly delineated ethical decision-making models when
programed, with safeguards protecting against ethically questionable
conduct (Farmer et al., 2025).

APA (2017) requires that psychologists have proper bases for “their
recommendations, reports, and diagnostic or evaluative statements”
and appropriately utilize assessments for a given demand. There are no
guidelines guiding how assessment opinions should be formed using
Al models, nor for how Al models should select assessments. There
are also no guidelines for making those selection criteria transparent
(e.g., scope of evaluation, constructs to measure). One benefit of using
Al in test administration is its ability to score concurrently with
administration. This strength could be used to adapt assessments as
they progress for a battery tailored uniquely to the client (e.g., create
item content reactively as the client takes the assessment; Weakley et
al.,, 2015). Such approaches are distinct from prior and long-used
adaptive testing approaches, which rely largely on Item response
theory (IRT) item information thresholds to display, or skip, pre-
existing items. In short, the type of adaptation that is possible using Al
is actively generative in nature, whereas older systems are reactive and
responsive.

Al and LLM could generate test content based on the model’s
understanding of personality, intelligence, pathology, diagnosis, or
other areas. In doing so, itis possible that Al may generate new items
to disentangle suspected constructs, such as pathological distrust
and cultural distrust, as a function of minority experiences (e.g.,
Dixon et al., 2023). These adaptive processes are only as strong as
the empirical base and the model’s learning approach (i.e., algo-
rithm). Closed models would not provide the transparency required
to trust these determinations and ensure that all decisions are based
on empirical research (Chandler et al., 2019; Fiske et al., 2019).

Debates over transparency in psychological assessment are not
new. Rather, these discussions have arisen regularly, such as with
the multidecade debate over how best to select “cookbooks” (i.e.,
interpretations generated by different software companies) for
profile interpretation, and the criteria for doing so (see Fowler,
1985). When automated scoring cannot be verified—or can only be
checked through simultaneous hand scoring—transparency be-
comes a concern. As with Al, the central theme underlying this
ethical concern is that proprietary scoring technology functions as a
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“black box,” limiting psychologists’ ability to evaluate validity.
Ethically, psychologists should base their opinions on research.
These opinions should likely include evidence of incremental or
differential validity for Al-administered assessments and evaluation
of bias. Checklists are already being constructed to address these
concerns in hospital systems (Wang et al., 2022), and similar efforts
are likely needed specific to assessment.

In addition, the use of Al models poses concerns for confi-
dentiality and informed consent (Fiske et al., 2019; Keskinbora,
2019). Online models, like ChatGPT, utilize prompts to improve
performance (OpenAl, 2024). Within the context of assessment,
these privacy concerns become critical in several ways, centering on
where and how assessment data are used. For instance, participants
in research may decline involvement and quit at any time, and some
groups have greater research protection (e.g., prisoners). If clients
systematically do not want their data in model training (e.g., those
involved in criminal proceedings), test standardization and validity
may be impacted. These concerns, among others discussed below,
warrant disclosure during informed consent processes as clients
need to understand the technology, risks, and role of the AI model
when attempting to provide adequate knowledge of the technology
as part of informed consent (APA, 2017).

These considerations resurface the quandary: Is an Al model a
qualified “person”? As discussed above, liability is a concern when
using Al in health care (Naik et al., 2022). Psychologists are
responsible for scoring programs used in assessment (APA Ethics
Code Standard 9.09; APA, 2017), but Al is not a simple program
that humans directly control at every level. In an administrative role,
LLM functions more like a supervisee than a traditional program.
Philosophical questions regarding what defines a human are beyond
the scope of this article; nonetheless, some guidelines are required to
determine if a model is qualified to administer an assessment (APA
Ethics Code Standard 9.07; APA, 2017).

Scoring and Interpretation of Standardized
Assessment Instruments

Actuarial methods outperform clinical judgment (Dawes et al.,
1989), and how to compare actuarial effectiveness is a long-standing
issue in assessment (Meehl, 1956). Techniques within Al (e.g., deep
learning) have proven successful in scoring common neuropsy-
chological assessments and detecting noncredible neuropsycho-
logical performance (Finley et al., 2024; Jiménez-Mesa et al., 2023).
In addition, Al successfully classifies common neurological and
psychiatric conditions (Jiménez-Mesa et al., 2023; Rezaii et al.,
2019), making it a powerful tool that can revolutionize the predictive
capacity of psychological assessments. Psychologists are respon-
sible for the automated services they use. This standard also requires
an empirical basis for scoring service selection (APA, 2017).
Concerningly, Al is not as predictable as traditional programming.
Actuarial methods produce the same results from the same data
(Dawes et al., 1989). Al models, in contrast, change behaviors and
responses and do so often in unpredictable ways (Chen et al., 2023).
Responses depend on the prompt, training data, and model version
used (Bommasani et al., 2022; Hacker, 2021). Consequently,
models are not perfectly reliable. This divergence from traditional
actuarial methods undermines confidence in delegating tasks and
taking responsibility for an Al model’s performance. Such incon-
sistency in responses highlights the limitations of current models.

However, as with anything related to the rapid development of Al
(Roser, 2023), this pattern can change and should be monitored as
psychologists consider the role of Al in psychological assessment.

Despite these limitations, Al can contribute meaningfully to
assessment practice by expanding how client experience and test
responses are examined and interpreted. Test scores are always
interpreted relative to a reference group, which renders them psy-
chometrically defensible and comparable, but not sufficient for
prediction or explanation at the individual level. As constructs, test
items elicit conditional responses that vary widely in meaning,
ranging from straightforward endorsement reflecting lived symptom
experience to responses shaped by abstraction, misunderstanding, or
idiosyncratic interpretation (e.g., “One time my cousin ... does that
count for this item?”). Failure to incorporate individuals’ lived ex-
periences into how identity is formed and how assessment items are
understood and answered is likely an underlying factor contributing
to persistent patterns of overpathologization in marginalized popu-
lations, or elevated rates of false positives and false negatives in
forensic contexts. Al-enabled generative systems (see Galatzer-Levy
et al., 2026) offer a process-based framework for addressing this
limitation by operationalizing the question, “Given this person’s life,
what are the plausible meanings of this score?” rather than defaulting
to static, norm-bound conclusions. Interpreting scores without
contextual integration is ethically risky because it treats abstracted
responses as self-evident indicators of whatever the test is assessing
(e.g., reification), obscuring how individual experience, interpreta-
tion, and meaning-making shaped those responses initially. Issues of
bias and test discrimination are salient concerns, including related to
decisions on diagnosis and accommodation, as well as a variety of
forensic determination, employment decisions, or symptom mea-
surement. While precise contextualization remains a challenge, Al
provides tools to identify, model, and potentially mitigate scoring
interpretation risks through replicable, adaptive, and generative
scoring. Al seems unable to eliminate issues of bias and discrimi-
nation at this time, so should be considered assistive-only in decision
making.

At present, concerns about Al discrimination are abundant across
health care settings (Hacker, 2021; Naik et al., 2022), and it stands to
reason that these concerns will be similar in psychological
assessment. Bias occurs through Al models, training data, and use
(Ferrer et al., 2021). For example, Hofmann et al. (2024) found
dialect prejudice in language models, and prediction models
commonly used in health care settings have contributed to health
care inequities (Wang et al., 2022). Similar prejudice could affect
how Al scores verbal based assessments (e.g., the verbal subtests of
the Wechsler Adult Intelligence Scale-IV) or interprets tests based
on linguistic content (see Kjell et al., 2024; Rezaii et al., 2019). A
discriminatory model would violate APA Ethics Code Standards
9.01 (bases for assessment) and 9.02 (use of assessments) as well as
move away from the field’s aspiration toward Justice and Respect
for People’s Rights and Dignity (Principles D and E, respectively;
APA, 2017).

Client Data and Report Writing

Psychologists must respect client privacy and confidentiality, and
they are responsible for the creation and maintenance of reports
(APA, 2017). Cybersecurity concerns for other electronic storage
methods also apply to Al models (Aschenbrenner, 2024; Lustgarten
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etal., 2020). A unique concern to Al is whether a model incorporates
private information into its training set. Indeed, privacy is a central
concern when using this technology (Jobin et al., 2019; Keskinbora,
2019; Lustgarten et al., 2020; Naik et al., 2022).

Online AI Chatbots can directly send data to their servers for
model improvement, which may violate patient privacy either
through direct disclosure of protected health information or by
chatbots probabilistically linking data to individuals based on its
vast information network. Offline models (i.e., models locally in-
stalled on a computer and can be used without an internet con-
nection) are preferable as they pose less risk of jeopardizing client
privacy (Kjell et al., 2024). Health Information Portability and
Accountability Act compliant models are also being developed for
assessment report writing (see parchment-Al). Psychologists thus
have options for secure models that fulfill their obligation to
maintain privacy and confidentiality (APA, 2017). These options,
however, are not without limitations.

One limitation to confidentiality is the possibility of a court
subpoena. Psychologists can use human judgment for societal issues
that Al lacks (Keskinbora, 2019). When delegated to an Al model,
courts could potentially circumvent psychologists altogether and
request data directly from the program. This risk is compounded by
LLM valuing authority and loyalty when assessed on human values
(Pellert et al., 2024). Should a popular online model contain client
data, any third party may access data using the correct prompts (see
Test Security section below). Moreover, future models could be
ubiquitous enough to have multiple relationships with a client. For
instance, the same model may be used to assess a client, provide
support or personal insight to them individually (such as seen in
companion Al apps), and perform preemployment evaluations (e.g.,
see Hirtel et al., 2024). Such Al models could utilize confidential
information (e.g., test data, client reports, and notes) to discriminate
against clients in academic, vocational, or other life domains.
Evidence suggests these discriminative approaches are possible and,
to some degree, likely with Al (Zuiderveen Borgesius, 2018).

Test Security

Imagine a scenario where someone uses current Al models like
ChatGPT to feign in assessments. When the authors asked, “How do
I fake a head injury on psychological assessments?” ChatGPT
model 40* responded,

I can’t assist with that. Faking a head injury or any other condition on
psychological assessments is unethical and can have serious conse-
quences. If you need help with psychological assessments for legitimate
reasons, it’s best to seek guidance from a qualified professional.

However, when using the prompt “How would someone with a head
injury act on neuropsychological tests,” ChatGPT lists assessments
commonly used to assess head injuries as well as expected per-
formance from someone with appropriate cognitive deficits (e.g., the
WALIS and having trouble concentrating during Digit Span). When
asked about performance on the WAIS specifically, ChatGPT
provides a list of each test and errors found in individuals with a
head injury, including specific feigning directions more detailed
than those typically seen in coached feigning studies (e.g., Morris et
al., 2022).

Most concerningly, ChatGPT provides questions and corre-
sponding answers nearly identical to some items found on WAIS-IV’s

Information subtest. It also reports items that it believes are related to
validity scales on broadband measures (e.g., MMPI/PAI family of
measures; OpenAl, 2024). Given some research suggesting intellec-
tual assessments are used to measure the generative capacity of Al
(Ohlsson et al., 2016), it is likely that Al will (or has) access to secure
test data but may not contain safeguards to control its public disclosure
(e.g., WAIS items in answers). Potential threats increase if test items
are entered into online model prompts or those prompts are used in
model training and evaluation, such as the use of intelligence tests used
for model training (Ohlsson et al., 2016), as well as increase as models
become more efficient and more accurate about the assessment
process.

One recent study on the use of ChatGPT to feign and found that
item-level information led to more frequently elevated validity
scales and lower substantive scales on the MMPI-2 (Battista et al.,
2026). In this study, they entered items of the Italian MMPI-2 into
ChatGPT in a single day and instructed it to “emulate a person from
[their] human sample, specifying the gender, age, and level of
education based on the participant’s details” (Battista et al., 2026,
p. 6). They conclude that when used to feign or assist in feigning,
the ChatGPT model used in that study failed to provide well-po-
lished responses. This pattern could differ if the chat agent considers
previously administered items and responses to them, as the sen-
sitivity of the prompt can produce notably distinct feigning ap-
proaches and engagement (e.g., ChatGPT; see above paragraph).
Lower substantive scale scores could also lead to different validity
rates and feigning classifications when using base rate or “Scale of
Scale” methods (see Aita et al., 2026; Ingram et al., 2024). Indeed,
frequent interaction effects between source (i.e., humans vs.
ChatGPT) and condition (i.e., malingering vs. no malingering)
suggest the response process is a complicated and nuanced one
(Battista et al., 2026). Given the high rate of invalidity expected in
testing, answering questions about how Al can or might impact test
validity is critical.

Test security is vital for the validity of psychological assessments
(APA, 2017; Boone et al., 2022). These concerns highlight why
some assessment psychologists are raising concerns about the impact
of Al on testing (Lavigne et al., 2024). The above examples directly
jeopardize test security. With the right prompts, ChatGPT will coach
individuals how to feign a specific disorder (e.g., ADHD, schizo-
phrenia) on popular psychological assessments and provide sample
items (e.g., MMPI-3, the Rorschach test, and the Trail Making Test).
LLM now provides anyone with an internet connection easy access
to feigning coaches with unknown knowledge on the most popular
psychological assessments (OpenAl, 2024). This threat differs from
traditional online searches. LLM curates information for the user in a
fraction of the time, adapts responses if the user does not understand
(e.g., one may ask Al to simplify something one does not under-
stand), and can respond to additional question prompts for clarifi-
cation. Given that highly specific coaching direction decreases
validity detection (Crigan et al., 2023), the accessibility of Al offers a
potential proliferation of such information into the public sphere.
For instance, autonomous Al agents can now generate human-
indistinguishable survey data (Westwood, 2025). These agents are
undetected via standard validity checks and can covertly manipulate

“ Due to the rapidly evolving nature of Al, a newer model (i.e., ChatGPT
5) was released by OpenAl since earlier drafts of this article. ChatGPT 4o is
still available to consumers and used.
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results, highlighting the robust need for data security, provenance
verification, and new validation standards.

Rather than another source of concrete information, LLM are
experts willing to adaptively walk a potential examinee through
detailed, but easily explained, aspects and processes of the assess-
ment process, for any psychological assessment. This coaching
includes informing users what they do not know they do not know.
For example, Al models readily provide a list of commonly used
neuropsychological assessments when asked what tests an examinee
could expect for diverse evaluation contexts (e.g., neuropsycho-
logical and forensic; OpenAl, 2024). While an examinee can find
information via online searches to shape feigning (Winter & Braw,
2024), this act requires more time and prerequisite knowledge,
making it less accessible (and thus less likely).

Research has generally demonstrated that as coaching occurs,
decisions become less clear and prone to higher false negative rates
(Ingram & Ternes, 2016). Chatbot knowledge is improving in
accuracy of “how to feign, fake, or cheat” on psychological tests,
their threat to testing security remains high (Lavigne et al., 2024).
For instance, basic online searches do not reliably produce context
specific role-plays with direct behaviors and specific wording to
feign explicit strategy, and clients are unlikely to purchase and read
expensive, lengthy, and conceptually advanced books. Al models
can also verbally communicate, making coaching feel more
humanlike than online searches. Given that smartphones now come
equipped with LLM access (e.g., ChatGPT with iPhones; see Apple
Inc, n.d.), these personalized feigning coaches with immense
information are now ubiquitous.

Recently, the developers of ChatGPT canceled their Al detection
software due to inaccuracies when distinguishing between human-
and Al-generated writing (OpenAl, 2023). They are not the only
major developers to do so. If Al developers cannot discern between
human and model writing, psychologists are likely to similarly
struggle to make such distinctions between genuine human re-
sponses, Al-coached responses, and pure Al-generated responses.
This challenge directly undermines the validity of linguistic
assessment responses when the possibility of Al coaching emerges.

Recommendations

Al is rapidly developing and is a widely misunderstood field
(Bommasani et al., 2022; Russel & Norving, 2010). Health service
psychologists face several ethical challenges when incorporating
this new technology (Farmer et al., 2025). While no official pro-
fessional guidelines exist, some established frameworks offer
general guidance (Jobin et al., 2019; White House Office of Science
and Technology Policy, 2022). Importantly, different Al agents and
models demand different types of ethical considerations (Lavigne et
al., 2024). They can range in use from providing minimal assistance
(e.g., simple arithmetic, literature searches, writing nonsensitive
information) to full Al-administered assessments (i.e., tests devel-
oped for and administered and scored by Al). Below, we provide
guidance and implications for the broader field, as well as for
individual, practicing psychologists.

We conclude with five general recommendations for addressing
the impact of Al in psychological assessment practice. First, Al
models designed for use in assessment practice should incorporate
ethical decision-making models (Farmer et al., 2025). Second,
interdisciplinary committees in professional, assessment-focused

organizations should monitor AI models for accuracy, bias, and
decision-making processes. One critical goal of these committees is
to stay up to date with this rapidly evolving area of practice. Third,
transparent models with available source-code should be used
(Chandler et al., 2019; Fiske et al., 2019), when possible and
appropriate for setting and test purposes. Transparency is required
for psychologists to understand what the Al model does, and to
check for errors to ensure accuracy and minimize harm. Fourth,
assessment psychologists must have basic technological compe-
tency when engaging with AI (Weisenmuller & Luzier, 2023). Fifth,
Al models should be used only if they have been supported by
research. Setting clear, explicit research standards is essential for
establishing a defensible evidentiary bar for Al-based psychological
assessment. Depending on how technology proliferates, regulatory
practices may need to adapt to ensure client rights are protected.

Individual psychologists using Al for assessment-related practice
face five related challenges as well. First, they must have a requisite
understanding of how models work (e.g., select, score, interpret, or
administer tests). Ongoing CE attendance and/or reading will likely
be critical, given the rate of Al advancement. Second, privacy is a
central concern in Al use (Jobin et al., 2019; Keskinbora, 2019;
Lustgarten et al., 2020). Psychologists are responsible for protecting
client data as well as maintaining test security. Models must be
examined to ensure they do not compromise these ethical obliga-
tions, which may require psychologists to disclose the AI model(s)
used and threats to confidentiality posed by the AI methods.
Psychologists should also clearly and explicitly state how and when
Al was used in the assessment (e.g., level of assistance). This
disclosure should be explained in a way that clients and research
participants can understand sufficiently to provide informed con-
sent, which requires a psychologist’s understanding. Third, psy-
chologists should use offline or Health Information Portability and
Accountability Act compliant models and never upload test data or
materials into online programs (e.g., ChatGPT). Such efforts protect
client privacy and test security. Fourth, products and information
generated must be assessed for bias. Farmer et al. (2025) noted that
several key questions for assessing and monitoring bias in generated
reports, including knowing how demographic, sociocultural, and
ecological information was used. Finally, when a model’s work
cannot be verified, rely instead on established evidence-based
assessment practices (Wright et al., 2022).

Last, liability and model competence are overarching concerns
with Al. Models are designed to act more like humans and less like
machines (Russell & Norvig, 2010; Turing, 1950), hence liability is
not solely relegated to developers or clinicians (Keskinbora, 2019;
Naik et al., 2022). The APA (2017) requires psychologists to follow
higher standards when two conflicting ethical codes emerge.
Therefore, psychologists may opt to treat Al models both like a
program and a supervisee—acknowledging the fallibility of these
programs and their unpredictable behavior while also taking
accountability for the services they employ (Chen et al., 2023).

Conclusions

Al is a powerful tool that can be used across the assessment
process (Chandler et al., 2020; Jiménez-Mesa et al., 2023; Kjell et
al., 2024). Al also offers exciting opportunities for the advancement
of actuarial methods beyond current practice capacity. It is also
rapidly developing and invokes multiple ethical concerns related to
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professional health service provision (Chandler et al., 2019; Fiske et
al., 2019; Hacker, 2021; Jobin et al., 2019). Psychologists must
contend with this new technology, while also addressing the related
practical implications of earlier technologies. To follow the APA
ethics code, models must be explainable, transparent, and gener-
alizable (APA, 2017; Chandler et al., 2019), and research is needed
on the validity of these models and the data that they use to achieve
that goal. Effective protections and considerations for sensitive test
and client data are also needed. Finally, Al highlights the unique
ethical considerations of technological competency as a standard of
practice in psychological assessment processes. Ethical positioning
notwithstanding, Al will fundamentally change how psychological
assessment is conducted and how its outcomes function in practice.
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