Foundation

ASSOCIATION

How to Evaluate

Artificial Intelligence (Al)
Based Employment Tools
from Vendors




Robustness
ollaboration

e
29

Explainability

Win

o

Anti-Bias

o

This guide aims to
support the evaluation of
Al-based employment
products from vendors.

Over the last decade, many start-ups have
emerged, claiming to sell Al-based tools that
solve employment challenges and often
dismissing over a century of Industrial and
Organizational (I/0) psychologists’ research
and practice in employment testing.

The novelty of these products and vendor
confidence often far outweigh their organi-
zational effectiveness, the time-consuming
start-up costs to deploying technology;,
and legal defensibility. At the same time,
organizations often lack the expertise to
properly vet these tools and instead rely on
vendor claims or peer benchmarking.
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Organizations often do not have the
expertise to adequately vet Al-based
tools; instead, they trust vendors and
simply benchmark with what others
are doing.

In this context, we:

O Outline where Al may add value in
employment settings.

O Provide a checklist of key questions,
risks, and requirements to help leaders
evaluate vendor claims and make sound,
legally defensible investments.

O Include a glossary and research
references for readers who want
additional background.

Print the checklist.
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Why Al May Be Especially
Advantageous When
Making Employment
Decisions

Maximizes Efficiency in High-Volume Hiring

One of the greatest payoffs from Al lies in
high-volume hiring or employee management
scenarios. Processing large candidate pools can
increase efficiencies and rapidly offset Al tool
investments, particularly in labor-intensive tasks
like prescreening resumes, scoring applications,
and automating initial interviews.

Untapped HR Data

Al excels at extracting, analyzing, and scoring
underutilized text data from candidate sub-
missions and employee records. The use of
additional, job relevant information improves the
prediction of future performance. Organizations
generate vast, rich text supplies during recruit-
ment and throughout the employee life cycle, yet
human evaluation is often biased, time-intensive,
and costly—leaving critical insights underused
orignored.

Automating the analysis and
scoring of text data is probably the
biggest opportunity of Alin Human

“ Resources (HR) to date.

Smarter Predictive Hiring

Natural Language Processing (NLP) enables a
more standardized, quantifiable analysis of this
data to inform hiring. When Al technologies are
selected and implemented appropriately, they

can enhance predictive validity (job performance
forecasting in1/0 psychology) over traditional
methods by incorporating novel text-based signals
and skills, leveraging greater data volumes, and
applying more optimal statistical approaches.

Consistent Al Scoring

Deterministic Al models ensure identical scores
for the same inputs and can help mitigate bias
if well designed. Conversely, model trained on
skewed, irrelevant data require monitoring for
algorithmic bias.

Fair, Lawful Al Use

Well-designed deterministic Al models avoid ampli-
fying passing rate gaps or adverse impact across
gender/racial subgroups beyond data baselines.
Research shows they can reduce disparities,
boost validity, and assess evenly distributed
skills—without offsetting real differences in
job-relevant knowledge, abilities, or credentials.
Vendors promising Al-driven reductions via score
adjustments warrant suspicion, as this is unlawful.



Uses of Al in Employment
with Research Support

Research suggests there are many ways that
Al can offer value to employment decisions.
Below are examples that have been success-
ful. Note, however, that not all vendors have
developed a successful product.

Scoring employment applications and
resumes.

To date, this is one of the most common uses.
Many studies have supported Al's effectiveness
for this purpose. Specifically, deterministic

Al models can score the information as well as or
better than a human rater.

However, accurate scoring of applications and
resumes may be limited by the quality and thor-
oughness of the information collected on the
application regardless of whether Al or a human
conducts the evaluation.

Processing large volumes yields
the greatest efficiencies and more
quickly amortizes the investment
in Al tools.

Scoring automated interviews.

Similar to application forms and resumes, Al
technologies are found to score as accurately
or better than a human interviewer and much
faster.

The algorithm must be trained on a set of inter-
view questions. The accuracy of generic vendor
products not specifically trained for the orga-
nization should be statistically evaluated, not
assumed.

Regardless of the choice of interview questions,
consistency in the interview questions used
across candidates and over time is required to be
most effective.

Automating the data capturing and scoring
for other types of assessments.

Examples include collecting text-based answers
like responses to questionnaires, and quantita-
tive answers.




“Gamifying” assessments to make them
more appealing.

Sometimes Al is used to “gamify” assessments
presumably to make them more enjoyable

for candidates, but there is not yet sufficient
evidence that gamified assessments are con-
sistently more effective than traditional forms of
assessment and in some cases, they may be less
S0 compared to traditional forms of assessment.
Users of gamified assessments should carefully
evaluate their effectiveness in the context of
their jobs.

These uses of Al may be unique to the specific
organization and are probably limited to high-
volume selection contexts for development to be
cost effective.

Creating test and interview questions.

Probabilistic Almodels (e.g., Large Language
Models or LLMs) can develop questions

that may be indistinguishable from those devel-
oped by subject matter experts (SMEs), or these
models can assist SMEs in generating initial
assessment content. The use of Al to create test
and interview content can save the high labor
and time costs required historically. The quality of
such questions should be confirmed by final SME
review, pilot testing, and psychometric analyses.

Analyzing jobs and job requirements.

Probabilistic Almodels can facilitate job analyses
to make this important task much easier. Howev-
er, do notrely solely on such tools. Use them to
provide supplementary information as part of the
job analysis, and do not assume the accuracy of
the information produced without SME review.

Al can help identify applications and
resumes that match the job require-
ments, including those specified in
the job description.

The primary sources of information should be
local job analyses and archival data such as
O*NET that are verified locally.

Assisting with recruiting.

Al can help identify applications and resumes
that match the job requirements, including those
specified in the job description, which can save
recruiter time compared to manual review.

Some Al tools can even search the internet for
candidates with posted resumes that match

the required skills and encourage them to apply.
Additionally, these tools can recommend different
jobs within the organization that may be a better
fit or have a greater need for applicants who do
apply, based on their applications or resumes.

There may be a risk of overreliance on such
tools because they are often integrated into the
Applicant Tracking Systems (ATS) and automat-
ically presented to the recruiter. The impact of
Al outreach tools on different applicant groups
should be monitored and, where needed,
supplemented with lawful, job-related outreach
to broaden the qualified applicant pool while
complying with all nondiscrimination and mer-
it-based requirements. In addition, they should
be validated, ideally predicting job performance
but minimally predicting recruiter judgments of
resumes and applications.




Questions to Ask
Vendors and Recom-
mended Requirements
for Using Al

Considering what Al-based tools can offer,
what the potential advantages to organi-
zations are, and what research suggests Al
does well, we offer a list of questions organi-
zational leaders should ask vendors trying to
sell Al-based products.

These questions are mostly focused on
employee selection, but many can also be
applied when Al is being considered for
some other aspect of human resource
management.

We offer a list of questions organi-
zational leaders should ask vendors
trying to sell Al-based products.

What selection-relevant job applicant
skills or other attributes are measured by
the Al-based assessment?

Vendor responses should include documented
empirical evidence (not just words that sound
good), which may be based on how it was devel-
oped or on research studies they have
conducted.

Review the content of the test yourself and

have testing experts and SMEs do so. Ensure that
what the tool measures aligns with the require-
ments of the jobs, which should be based on a job
analysis. What the Al-based assessment mea-
sures and how it works should be explained in a
way that is understandable to a layperson.

Further, Al models that are largely “black box”
(meaning that its content cannot be directly
observed) should have explicit validation evidence
that is generalized to your organizational context.
Those that mainly depend on the assertions of
the vendor should be avoided.



The vendor team should have
experts in testing, measurement,
psychometrics, employee selection,
and related topics.

What research and process were used
to motivate and develop the Al-based
assessment?

What was the central framework behind the
assessment? What steps were followed in its
development?

Aside from using Al, the steps normally include
those in any other measurement development
situation: defining the attribute to be measured,
reviewing the relevant research literature, devel-
oping assessment items, administering them to
a sample of candidates to analyze and refine the
assessment, determining scoring and administra-
tive details, collecting criterion data such as job
performance to validate the assessment, relating
the job requirements to the assessment, and
documenting all steps and results in areport.

Especially ensure that the sample used to develop
the assessment is comparable to employees or
applicants in your organization and not based on
convenience samples such as Prolific or MTurk,
which are commerically available sources of data
collected from unknown respondents for a fee,
because these are often low-quality and partici-
pants do not represent the actual context

(e.g., hiring, promoting).

This background information on the testisim-
portant because it provides information on the
logic, proper steps, thoroughness, and rigor with
which the test was developed, and ultimately its
value and defensibility.

If you need assistance in evaluating a test,
contact an expert who is well-versed in test
development, including Al models, and validation.
Remember too that data from other companies
can be useful in making a decision about the
choice of the Al-based tool; however, other orga-
nization’s data will not be sufficient in the event of
alegal challenge.

What education and experience does
the vendor have that qualifies them to
develop and sell this assessment?

The vendor team should have experts in test-
ing, measurement, psychometrics, employee
selection, and related topics. The educational
background and work experience of the people
who developed the test are extremely import-
ant because they reflect domain expertise and
practical experience in selection and HR, which
S typically not possessed by information tech-
nology vendors.

To have confidence in the assessment and in the
event of a legal challenge, you want developers
who have education and experience related to
assessment development and validation.

What evidence is there of the reliability
of the Al-based assessment?

Reliability refers to the consistency of assess-
ment results and the accuracy of the scores.

For example, would candidates achieve rough-

ly the same scores if they were assessed on a
different day? Would alternative versions of the
assessment yield similar scores, as might be
needed if candidates retest or reveal the content
to other candidates? Does the assessment mea-
sure a single job-relevant skill or attribute

or many?

The reliability of results is a vital prerequisite
for validity, fairness, and legal defensibility of
the Al-based product as it is with any selection
procedure.



What evidence is there for the validity of
this Al-based assessment?

Validity refers to the accuracy of the predictions
made from a test score. There are several

ways to demonstrate validity, but in the hiring
context with Al, validity usually refers to criteri-
on-related validity, which is how well the scores
statistically predict future job performance, turn-
over, or other outcome (criterion) of importance
to the organization.

The vendor should be able to provide many forms
of validity evidence, such as multiple studies and
multiple criteria in organizations similar to yours
to suggest that support for criterion-related
validity is realistic in your organization as well.

Insist on documented empirical research-based
validity, not vague reports of success stories

or testimonials from past clients, which often
dominate marketing materials. Importantly, do
not accept exaggerated promises; even if results
are provided, ensure those results are not cher-
ry-picked. Vendors may only present the most
successful studies, not the ones that failed.

Importantly, require a validity study in your

own organization. Validity evidence from other
organizations can be informative, but it should
not be solely relied on. In fact, a vendor’s claims of
validity are an insufficient defense by themselves
when an organizational hiring process shows
adverse impact (i.e., large differences in passing
rates by subgroup), according to the Uniform
Guidelines on Employee Selection Procedures,
which is a set of standards from the federal
government usually critically important to a

legal defense.

Another source of validity evidence is content
validity evidence that evaluates the link between
the content of the test and the requirements of
the job. However, content validity evidence of

an Al-based selection tool by itself is probably
not sufficient without criterion-related validity
evidence.

Al-based selection scores should
not be used to automatically screen
candidates without human oversight.

What research has been conducted
on gender and race differences on the
Al-based assessment scores?

Gender and race differences in average scores
are notillegal if the assessment is job-related
(i.e., the assessment is valid). Conversely, the
lack of mean differences on an Al-based assess-
ment does not necessarily mean it is a good
assessment because it still might not be reliable
or valid.

Subgroup differences in average scores are not
uncommon in valid assessments. An employer
should know what subgroup differences exist in
scores from Al-based assessments in advance
to anticipate potential legal exposure and chal-
lenges to achieving a representative workplace.
Evidence from other organizations provided by
the vendor will not be a sufficient defense if
challenged.

Finally, Al-based selection scores should not be
used to automatically screen candidates without
human oversight. There should always be a
‘human in the loop” to ensure the process is
running properly and to perhaps consider other
information in the decision.




What is the business case and return
oninvestment?

Adoption of Al-based assessments should con-
sider at least four categories of costs: (a) the
direct cost of purchasing the product, which may
include license fees, per-use charges, set-up
costs; (b) the investment by the organization in
implementing the product, which may include
costs associated with information technology
(IT) staff time to integrate the product into the
organization’s IT infrastructure, HR staff and
management time to integrate the product into
the hiring process and coordinate the project,
time and expense for training employees to use
the process, and expert time (e.g., selection
scientists, lawyers); (c) costs for conducting job
analysis and validation research; and (d) costs
of administering the process over time, such as
maintenance (by vendor and IT staff), HR time
addressing issues raised by hiring staff and
candidates (e.g., use of scores, policies, potential
errors), especially initially, any special reporting
and monitoring time.

Depending on the instrument, the benefits may
include improvements to the quality of new hires,
reduced staff time in implementing assessments,
faster selection decision making, or increased
access and fairness.

What documentation exists on the
Al-based assessment?

Appropriate documentation will normally include
technical reports on the development of the
assessment, the job analysis that identified the
KSAOs, the validation of the assessment in the
client organization, and any special research con-
ducted by the vendor.

These reports should be accessed, read, under-

stood, and retained. People with a background in
employment testing can help you determine the

quality and adequacy of the research supporting
the use of the assessment.

Are there accommodations for
candidates with disabilities?

As with any other selection procedures, sim-
ple accommodations such as font sizes, color
contrast, logical layouts and instructions, and a
method for requesting additional assessment
time or adjustments for other needs should be
considered.

An organization may also want to consider al-
ternative assessments for candidates unable to
complete the procedure even with these accom-
modations.

1 Are data privacy and security
requirements met in record keeping?

As with other HR data, the vendor must ensure
that candidate and employee data they collect as
part of the employment process meet data priva-
cy laws that are applicable in the location where
they are collected. The vendor should protect
data by using firewalls to keep the data secure
from hacking, collecting only necessary informa-
tion, keeping data for only the necessary period
of time, using data only for intended purposes,
omitting personally identifying information in
research activities outside the employment de-
cision, and allowing access to data only by those
with a legitimate need to know.

Finally, determine who owns the data collected
and why. Is it the property of the organization or
the vendor? Who owns the data after the con-
tract ends?




Additional Questions:

1 What recommendations or experiences
does the vendor have with managing
stakeholder reactions proactively?

A wide range of people, including HR staff, hiring
managers, and candidates, may experience initial
skepticism of Al-based assessments due to a lack
of understanding. Ask the vendor how other
organizations have addressed common ques-
tions that arise.

1 Will the vendor monitor legislation for
new laws that create requirements for
users of Al in employment?

Federal, state, and local laws pertaining to the
use of Al assessments in employment settings are
evolving, and more will likely emerge in the future.
In addition, these laws may vary and sometimes
confiict. What is permissible in one location may
be prohibited in another. Vendors and users of
their products must comply with relevant laws.
Like previous technological advancements, it is
likely that public reaction will become more posi-
tive as we continue to understand Al's value in the
employment space.

1 3 Will the vendor monitor the grow-
ing candidate use of Large Language
Models (LLMs), such as ChatGPT, to
generate answers to questions and
provide other textual employment
information?

Vendors should monitor LLM use with detection
software and evaluate the consequences of LLM
use, such as whether candidates that use LLMs
are selected more often. The use of LLMs is
especially a concern with unproctored adminis-
tration of automated interviews, as well asin all
applications and interviews. Although no vendor
can guarantee it captures all instances of Al-gen-
erated responses, it is important to monitor
because the rate of usage is growing.

v

The next few pages contain

a checklist of these questions,
plus red flags and requirements,
to use as a tool for evaluating
vendor claims.




Click on the check boxes and
type notes directly in the document.

Checklist

CHECKLIST OF QUESTIONS TO EVALUATE VENDORS WHO PROVIDE
ARTIFICIAL INTELLIGENCE-BASED SELECTION PROCEDURES

QUESTION RED FLAGS REQUIREMENTS NOTES

D What selection-relevant e Attributes not highly job ® Empirical evidence based

job applicant skills or other
attributes are measured by
the Al-based assessment?

related, thus not benefiting
the organization or legally
defensible if challenged.

“Black box” models that
cannot be understood or
evidence is not shared.

onresearch from develop-
ment process and in the
organization.

Base on job analysis.

Review of assessment
content by company.

D What research and °
process were used to
motivate and develop the
Al-based assessment?

lllogical or lacking a scien-
tific central framework.

Development process
vague, difficult to under-
stand, or not logically
relevant to jobs.

Central framework is logical.

Proper assessment devel-
opment steps followed.

Used sample(s) similar to
the job to be staffed.

D What education and ex- ® Developed by entrepreneurs Education and experience
perience does the vendor or information technology related to assessment
have that qualifies them specialists without domain development and
to develop and sell this knowledge. validation.
assessment?
D What evidence is there ® Scores are inconsistent, Research-based statistical

of the reliability of the
Al-based assessment?

indicating substantial error
of measurement.

evidence of reliability.

D What evidence is there °
for the validity of this
Al-based assessment?

Exaggerated claims.

Based on success
stories or testimonials.

Cherry-picking results.

Evidence is only based on
other organizations.

Statistical data showing
prediction of future job
performance, turnover, or
other criteria, especially in
your organization.

Multiple studies and
criteria.
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CHECKLIST OF QUESTIONS TO EVALUATE VENDORS WHO PROVIDE

ARTIFICIAL INTELLIGENCE-BASED SELECTION PROCEDURES

QUESTION

RED FLAGS

REQUIREMENTS

NOTES

D What research has been °
conducted on gender and

race differences on the Al-

based assessment scores?

Unanticipated or unexplain-
able diversity differences.

® | ack of diversity differences

due to lack of validity.

Evidence entirely based on
other organizations.

Data on percentage of
highly skilled candidates by
subgroups.

Diversity differences based
on true differences in skills
between subgroups.

Human in the loop.

D What is the business case °
and return on investment?

Unanticipated or excessive
costs.

Vague or assumed benefits.

Clearly known costs in
advance, including hidden
costs like implementation
and maintenance.

Clear evidence/data on
benefits, both financial and
non-financial.

D What documentation °
exists on the Al-based
assessment?

Lack of documentation.

Only documents are pre-
sentations or marketing
materials.

Technical reports describing
development and validation.

Reports on any researchin
organization.

Documents read and under-
stood.

D 9 Are there accommdations °
for candidates with

Lack of accommodations or
needs not unanticipated.

Accommodations
incorporated into design.

disabilities? )
Easy to implement
(e.g., extratime).
D 1 Are data privacy and ® Privacy or security Privacy laws met.
security requirements CoNcerns or exposures.

met in record keeping?

Adequate security.

Proper ownership of data.
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CHECKLIST OF QUESTIONS TO EVALUATE VENDORS WHO PROVIDE

ARTIFICIAL INTELLIGENCE-BASED SELECTION PROCEDURES

QUESTION

RED FLAGS

REQUIREMENTS

NOTES

ADDITIONAL QUESTIONS

What recommendations
or experiences does
the vendor have with
managing stakeholder
reactionsproactively?

N

Product likely to require
extensive management of
stakeholder reactions.

® \/endor has little useful

insight.

Product unlikely to provoke
negative stakeholder
reactions.

Useful suggestions for
managing reactions.

D 1 2 Will the vendor monitor
legislation for any new
laws that create new

requirements for users
of Al in employment?

Vendor lacks deep
knowledge of laws.

No formal plan for
monitoring new laws.

Vendor knowledgeable
and experienced in meeting
laws.

Vendor monitors legal
developments and informs
customers.

D 1 3 Will the vendor monitor
for the growing use of

Large Language Models
(LLMs) like ChatGPT by
candidates to generate
answers to questions
and provide other
textual employment
information?

Vendor product susceptible
to Al-generated answers or
other forms of cheating and
lacks good action plan for
addressing.

Vendor product prevents
or statistically checks for
Al-generated text and has
plan for addressing.

|
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Glossary of

Technical Terms

Al

NLP

RELATIONSHIPS AMONG TERMS

Al Artificial Intelligence

ML Machine Learning

DL Deep Learning

NLP  Natural Language Processing
LLMs Large Language Models

Note: Adapted from K. Silva (2011)

Artificial Intelligence (Al)
Methods that simulate intelligent
human behavior, such as learning,
decision making, sensing, and
predicting.

Black Box

Colloquialism to describe how

the mathematical operations of
some ML algorithms cannot be
examined and understood directly.

Deep Learning (DL)

A subset of ML; uses neural net-
works and transformers that have
many internal layers of analysis.

o Transformers

Atype of deep-learning
architecture that uses advanced
attentional mechanisms to
improve understanding of human
language, even if words are far
apartin asentence.

Deterministic versus
Probabilistic Al Models

Deterministic models produce the
exact same scores or other output
each time, given the same inputs;
probabilistic models like Large
Language Models produce similar
but not identical output each time,
given the same inputs.

Features

Variables extracted and scored by a
machine learning model; in NLP, this
includes n-grams.

Ground Truth

Criterion used to train machine
learning models to predict, such as
past hiring decisions.

Large Language Models (LLMs)
Language-based models that
generate text data; trained in
millions or billions of parameters.

Machine Learning (ML)

A primary Al method including algo-
rithms that refers to sophisticated
methods for detecting patterns and
can ‘learn’ from these patterns and
new data by adjusting the model to
improve its effectiveness.

o Supervised Machine Learning
An ML model trained to detect
the relationships between
variables and a criterion (ground
truth), and then replicate those
relationships on new, unseen
data.

o Unsupervised Machine
Learning
An ML model the inductively
uncovers patterns in the data;
ahuman makes sense of the
patterns; there is no criterion in
unsupervised ML

Natural Language Processing
(NLP)

Algorithms specifically designed to
enable machines to understand and
generate human language.

o Bag-of-Words (BoW)
An NLP vectorization method
that represents text data as
unordered words (e.g., “woman
leads people” is the same as
“leads woman people”).

o n-grams
A historical baseline method of
NLP where terms are extracted
from a corpus of text; can be
single terms (“leader”) or multi-
terms (e.g., bi-grams, “strong
leader”)

o Word Embeddings

An NLP vectorization method
that represents text data while
considering syntax, unlike Bow.

14



Other Resources

The citations to research articles and related documents below provide further information on using

Alin employee selection from the scientific literature. To facilitate finding articles related to your interest,
the categories are based on applications of Al to types of selection procedures or related topics. The list of
citations are relatively complete with regard to employee selection journals in I/0 psychology, but there may
be relevant studies in other related disciplines (e.g., computer science, data science, information processing,
statistics, linguistics, cognitive science). Moreover, new studies are coming out with great frequency, so the
findings are evolving.

SCORING APPLICATIONS

Campion, M. C., Campion, M. A., Campion, E. D., & Reider, M. H. (2016). Initial investigation into computer scoring of candidate
essays for personnel selection. Journal of Applied Psychology, 101(7), 958-975.

Campion, E. D., Campion, M. A, Johnson, J,, Carretta, T.R., Romay, S., Dirr, B., Deregla, A., & Mouton, A. (2024). Using natural
language processing to increase prediction and reduce subgroup differences in personnel selection decisions. Journal
of Applied Psychology, 109(3), 307-338.

Koenig, N., Tonidandel, S., Thompson, ., Albritton, B., Koohifar, F., Yankov, G., ... & Newton, C. (2023). Improving measurement and
prediction in personnel selection through the application of machine learning. Personnel Psychology, 76(4), 1061-1123.

Sajjadiani, S., Sojourner, A. J., Kammeyer-Mueller, J. D., & Mykerezi, E. (2019). Using machine learning to translate applicant work
history into predictors of performance and turnover. Journal of Applied Psychology, 104(10), 1207-1225.

SCORING INTERVIEWS

Liff, J., Mondragon, N., Gardner, C., Hartwell, C. J., & Bradshaw, A. (2024). Psychometric properties of automated video interview
competency assessments. Journal of Applied Psychology, 109(6), 921-948.

Hickman, L., Bosch, N., Ng, V., Saef, R., Tay, L., & Woo, S. E. (2022). Automated video interview personality assessments: Reliability,
validity, and generalizability investigations. Journal of Applied Psychology, 107(8), 1323-1351.

Stevenor, B. A, Hickman, L., Zickar, M. J., Wimbush, F,, & Beck, W. (2024). Validity evidence for personality scores from algorithms
trained on low-stakes verbal data and applied to high-stakes interviews. International Journal of Selection and
Assessment, 32(4), 544-560.

SCORING ASSESSMENTS
A) Multiple-Choice Tests

Hickman, L., Dunlop, P.D., & Wolf, J. L. (2024). The performance of large language models on quantitative and verbal ability
tests: Initial evidence and implications for unproctored high-stakes testing. International Journal of Selection and
Assessment, 32(4), 439-511.

Landers, R. N,, Auer, E. M., Dunk, L., Langer, M., & Tran, K. N. (2023). A simulation of the impacts of machine learning to combine
psychometric employee selection system predictors on performance prediction, adverse impact, and number of
dropped predictors. Personnel Psychology, 76 (4), 1037-1060.

al-Qallawi, S., & Raghavan, M. (2022). A review of online reactions to game-based assessment mobile applications. International
Journal of Selection and Assessment, 30(1), 14-26.

B) Constructed Response Assessments

Hickman, L., Herde, C. N., Lievens, F, & Tay, L. (2023). Automatic scoring of speeded interpersonal assessment center exercises
via machine learning: Initial psychometric evidence and practical guidelines. International Journal of Selection and
Assessment, 31(2), 225-239.

Koenig, N., Tonidandel, S., Thompson, ., Albritton, B., Koohifar, F., Yankov, G., ... & Newton, C. (2023). Improving measurement and
prediction in personnel selection through the application of machine learning. Personnel Psychology, 76 (4), 1061-1123.
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Thompson, I, Koenig, N., Mracek, D. L., & Tonidandel, S. (2023). Deep learning in employee selection: Evaluation of algorithms to
automate the scoring of open-ended assessments. Journal of Business and Psychology, 38(3), 509-527.

C) Personality Assessments

Fan, J.,, Sun, T., Liu, J., Zhao, T., Zhang, B, Chen, Z., ... & Hack, E. (2023). How well can an Al chatbot infer personality? Examining
psychometric properties of machine-inferred personality scores. Journal of Applied Psychology, 108(8),1277-1299.

Hernandez, I, & Nie, W. (2023). The Al-IP: Minimizing the guesswork of personality scale item development through artificial
intelligence. Personnel Psychology, 76(4), 1011-1035.

Hickman, L., Bosch, N., Ng, V., Saef, R, Tay, L., & Woo, S. E. (2022). Automated video interview personality assessments: Reliability,
validity, and generalizability investigations. Journal of Applied Psychology, 107(8), 1323-1351.

Lee, P, Fyffe, S., Son, M., Jia, Z., & Yao, Z. (2023). A paradigm shift from “human writing” to “machine generation” in personality
test development: An application of state-of-the-art natural language processing. Journal of Business and Psychology,
38(1),163-190.

Song, Q., 0N, I. S, Kim, Y,, & So, C. (2024). Revisiting the nature and strength of the personality-job performance relations:
New insights from interpretable machine learning. Journal of Applied Psychology.

Stevenor, B. A., Hickman, L., Zickar, M. J., Wimbush, F,, & Beck, W. (2024). Validity evidence for personality scores from algorithms
trained on low-stakes verbal data and applied to high-stakes interviews. International Journal of Selection and
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