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Introduction

Quality measurement is crucial for producing informative 

psychological research and for facilitating productive (and 

ethical) applied psychological work. Evaluating a mea-

sure’s construct validity may be the most important facet of 

establishing the measure’s quality, but doing so rigorously 

can be time-consuming and demanding. The purpose of the 

current work is to propose, illustrate, and evaluate the use of 

generative artificial intelligence (AI) to facilitate a rigorous 

hypothesis-driven approach to construct validation. Such 

use of AI may expedite and improve the validation process 

and thereby advance psychological assessment. Facilitating 

the validation process may increase researchers’ ability to 

produce and evaluate new measures in a timely manner, and 

it may improve the quality of those measures

The Nature and Value of a Rigorous Hypothesis-

Driven Approach to Scale Validation

Validity can be defined as “the degree to which evidence 

and theory support the interpretations of test scores for pro-

posed uses of tests” (AERA et al., 2014, p. 11).1 For exam-

ple, when evaluating the validity of a scale intended to 

assess patience, researchers might gather evidence to test 

clear theoretically guided hypotheses regarding the mean-

ing and correlates (and thus interpretation) of the scale’s 

scores. Researchers would likely obtain the scale’s correla-

tions with one or more (sometimes as many as 10, 20, 30) 

criterion variables (e.g., Costello et al., 2022; Miller et al., 

2016; Moultrie & Engel, 2017; Porcerelli et al., 2016; 

Poythress et al., 2010; Suzuki et al., 2017; Wehner et al., 

2021). If those correlations are consistent with theory-

driven hypotheses, then such consistency is taken as evi-

dence of validity.

A rigorous approach to theory-testing involves confir-

matory designs in which researchers specify precise a priori 

hypotheses and evaluate the degree to which data are con-

sistent with those hypotheses. Such an approach is often 

adopted in some facets of psychometric evaluation (e.g., 

using confirmatory factor analysis to evaluate a scale’s 

internal structure). However, a rigorous confirmatory 

approach also has strong potential value for evaluating 
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criterion validity, predictive validity, convergent validity, 

and discriminant validity. Those facets of validity can 

roughly be viewed in terms of whether a scale’s scores actu-

ally correlate with other measures in ways that they should 

(based on the theoretical meaning of the relevant constructs) 

correlate with those measures. Researchers can evaluate 

those forms of validity evidence rigorously by identifying 

theoretically relevant criteria, generating precise a priori 

hypotheses regarding the correlations that should be 

obtained between a new scale and those criterion measures, 

and formally testing the degree to which data support or fail 

to support those hypotheses. Preregistration of such hypoth-

eses, combined with quantitative evaluation of empirical 

support for those hypotheses, provides a highly rigorous 

and transparent approach to scale validation.

Such a rigorous hypothesis-driven approach to valida-

tion has enjoyed some use. For example, Reynolds et al. 

(2025) evaluated the convergent and discriminant validity 

of the Trait Truthful Communication Scale (T-TCS), which 

ostensibly assesses the tendency to engage in truthful com-

munication. They chose 32 criterion measures roughly 

assumed to have varying relationships with truthful com-

munication, and they generated a precise a priori hypothesis 

for each. For example, they hypothesized that a good mea-

sure of truthful communication should correlate r = .58 

with the SAPA Personality Inventory (SPI) Honesty scale 

(reflecting convergent validity), should correlate r = .10 

with the HEXACO-24 Openness scale (reflecting discrimi-

nant validity), and should correlate r = −.48 with the 

Pervasive Bullshitting scale. They then recruited partici-

pants to complete the T-TCS and all 32 criterion measures, 

computed the actual correlation between the T-TCS and 

each criterion, and found strong correspondence between 

hypothesized and actual correlations. For example, the 

T-TCS was correlated .61, .00, and −.45 with Honesty, 

Openness, and Pervasive Bullshitting, respectively. Thus, 

the criteria that were hypothesized to correlate positively, 

weakly, and negatively with a good measure of truthful 

communication did, in fact, correlate positively, weakly, 

and negatively with the T-TCS. This was interpreted as evi-

dence that T-TCS scores could be validly interpreted as 

reflecting truthful communication.

Unfortunately, standard practice does not seem to use 

such precise a priori hypotheses (Wetzel & Killisch, 2025), 

particularly if more than a small number of criteria are 

examined. In evaluations of criterion validity, predictive 

validity, convergent validity, and discriminant validity, a 

standard approach is often to administer a new scale along-

side one or more other measures, correlate the scale’s 

scores with those measures, “eyeball” those correlations, 

and declare that the pattern of correlations is generally con-

sistent with expectations. But those expectations are often 

not formally stated, and they might not even be considered 

until data are analyzed. Even less frequently are those 

expectations presented precisely (e.g., “we expect the cor-

relation to be moderate to strongly positive” versus “we 

expect the correlation to be approximately .35”). This 

imprecision and/or lack of information leaves much up to 

subjective judgment, post hoc interpretation, and potential 

bias. Is a correlation of .25 too weak to be considered 

“moderate,” or is a correlation of .50 or .60 stronger than 

should be obtained? This can weaken the rigor and quality 

of scale validation.

The Challenges of a Rigorous Hypothesis-Driven 

Approach to Scale Validation

There are at least two challenges limiting the use of a rigor-

ous hypothesis-driven approach to scale validation. First, 

researchers might struggle to identify relevant criterion 

measures. Some constructs might appear to have few such 

criteria, or researchers might not be aware of measures 

available to assess a range of potentially relevant constructs. 

Even if researchers do generate ideas for criterion con-

structs and measures, the process can be lengthy and may be 

limited by the researchers’ range of experience.

Second and usually more challenging, researchers might 

struggle to generate precise a priori predictions for one or 

more criterion measures. Even those with a clear theoretical 

understanding of a construct might be reluctant to commit 

to precise hypotheses regarding correlates of the construct, 

out of understandable concerns regarding their own idio-

syncratic views or interpretations of the relevant constructs 

or of the strength of the potential correlations. One potential 

solution to this reluctance is to recruit topical experts to 

generate relevant hypotheses. A researcher might trust an 

expert panel’s aggregate hypotheses more than her or his 

own potentially idiosyncratic predictions. Unfortunately, 

this solution imposes on those experts and may require sig-

nificant time to execute. Experts, including colleagues, stu-

dents, acquaintances, or others, are busy and likely have 

many commitments. Even experts eager to help may take 

several weeks to do so, delaying the validation process sig-

nificantly and thus delaying development and evaluation of 

psychological measures. Moreover, the experts themselves 

might share biases or an inaccurate understanding of the rel-

evant constructs.

AI Might Provide Solutions to Those Challenges

AI has exciting potential to enhance psychological 

assessment in diverse ways (e.g., Haines et al., 2025; 

Markey et al., 2025; Singh & Singh, 2024). Some 

researchers have explored its ability to produce scores 

based on open-ended responses, akin to structured or 

unstructured interviews (Dumas et al., 2025; Fan et al., 

2023; Kjell et al., 2024). Others have evaluated its ability 

to produce scale items (Götz et al., 2024; Hernandez & 
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Nie, 2023; Krumm et al., 2024; Lee et al., 2023), with 

encouraging results.

We propose that AI can help address challenges that 

impede a rigorous hypothesis-driven approach to scale vali-

dation, and some recent work suggests that AI might well 

have this ability. Abdurahman et al. (2024) found that a 

trained transformer model could take an individual’s 

responses to a set of items and predict, with reasonable 

accuracy, their responses to similar items. In fact, their 

model performed as well as human judges. Similarly, 

Banker et al. (2024) used AI, both GPT-3 and GPT-4, to 

produce hypotheses regarding social psychological phe-

nomena. Expert raters evaluated these AI-produced hypoth-

eses as being superior in multiple ways (e.g., plausibility, 

originality, and impact) to human-produced hypotheses (see 

also Tong et al., 2024). Thus, AI might be able to make psy-

chologically reasonable predictions and hypotheses rele-

vant to construct validation, and it can do so nearly instantly.

The Current Examinations

We examine AI’s ability to facilitate rigorous hypothesis-

driven validation. We first evaluate its ability to identify 

relevant criterion measures, as is necessary for many exam-

inations of convergent and discriminant validity. AI might 

function as a useful colleague or research assistant by help-

ing researchers consider or discover criterion measures that 

might otherwise remain unidentified. This evaluation will 

be qualitative and subjective.

Second, we evaluate AI’s ability to generate precise 

hypotheses regarding validity correlations. We evaluate its 

ability to function as an expert, or panel of experts, in pro-

ducing psychologically reasonable and precise hypotheses 

required in a rigorous hypothesis-driven approach to valida-

tion. If AI can provide such hypotheses, then researchers 

might significantly streamline or perhaps improve their 

validation work in ways that avoid imposing on (and wait-

ing for) colleagues and acquaintances. AI might even pro-

vide hypotheses that are better or more accurate reflections 

of the relevant constructs than experts.

We use existing data from validation studies of nine 

scales/subscales. For each scale/subscale, experts provided 

precise hypotheses regarding correlations between a mea-

sure of each focal construct (e.g., truthful communication or 

patience) and criterion measures. Experts included faculty 

and graduate students with relevant theoretical expertise 

(e.g., in honesty, patience, moral psychology in general) 

and/or expertise in personality assessment. We will evaluate 

AI’s performance as “an expert” in general and as compared 

to those original experts.

We do this for each scale/subscale using two AI mod-

els—ChatGPT 4o (available with paid subscription) and 

Google Gemini 2.0 Flash (available without cost). ChatGPT 

(developed by OpenAI) is, as of this writing, the most 

widely recognized and utilized large language model, mak-

ing it the most likely candidate for use in academic tasks 

involving AI. For comparison and replicability, we also 

evaluate Google Gemini. This allows us to evaluate whether 

any poor (or strong) performance is unique to a single 

model. All correlations (hypothesized and actual) for all 

nine scales/subscales and all criteria measures, syntax for 

all analyses, and the online Supplemental document are 

available at https://osf.io/k9ptg/?view_only=1bd312e312f4

4e15830a03c4404a89b8

Can AI Help Identify Relevant 

Criterion Constructs and Measures?

To evaluate whether AI can facilitate the identification of 

relevant criterion constructs and measures, we adopted a 

simple qualitative approach. Our communication with AI 

and its responses are presented in our Online Supplemental 

Material. Using the T-TCS as a test case, we first provided 

ChatGPT 4o with a detailed description of truthful commu-

nication.2 ChatGPT responded by summarizing its under-

standing of the construct. We then instructed:

Now, assume that I am carrying out the process of quantifying 

construct validity. Come up with 32 well-established scales 

that I could ask experts to predict correlations with that would 

give me a good idea of the convergent and discriminant validity 

of the construct.

In response to this simple prompt, ChatGPT suggested 

32 criterion scales. This list was organized in terms of con-

vergent and discriminant validity and in terms of higher-

order themes that ChatGPT extracted from the detailed 

description that we provided (e.g., “Moral and Ethical 

Behavior” and “Honesty and Integrity”). For each sug-

gested scale, ChatGPT provided a citation and a brief sum-

mary of the relevant construct(s). For example:

Moral Identity Scale (Aquino & Reed, 2002)—Assesses the 

extent to which morality is central to one’s self-concept.

We found ChatGPT’s suggestions to merit serious con-

sideration. One suggestion (HEXACO-PI-R’s Honesty/

Humility scale) had been used by Reynolds et al. (2025), 

and many were similar to the criteria measures used by 

Reynolds et al. For example, ChatGPT suggested measures 

of the Big Five personality traits, intellectual humility, 

authenticity, moral tolerance, moral relativism, honesty, and 

deception, all of which were constructs assessed by 

Reynolds et al. In addition, several suggestions (e.g., mea-

sures related to guilt-proneness, curiosity, moral courage, 

and moral identity) were not reflected in Reynolds et al., 

but seem quite relevant and reasonable as considerations for 

convergent or discriminant validity criteria. Suggestions 
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reflected many measures likely to be positively correlated 

with a measure of truthful communication, some likely to 

be negatively associated with that construct, and some that 

might be weakly or uncorrelated. Overall, ChatGPT pro-

duced relevant suggestions that could have been used to 

facilitate the Reynolds et al.’s process of identifying con-

structs and measures for their scale validation work.

That said, several (8 out of the 32) of the suggestions 

were problematic in some way. Two scales did not seem to 

exist and thus were “dead ends” as suggestions. Other prob-

lematic suggestions were either mistitled or were accompa-

nied by apparently incorrect citations (e.g., citing a paper 

that used a scale rather than the one in which the scale was 

originally presented), or both. These latter suggestions, 

though slightly problematic, did provide information that 

was potentially useful. In sum, although some of ChatGPT’s 

suggestions required effort to identify and a small number 

were not useful, the majority were both clear and useful.

Can AI Generate Precise and 

Psychologically Plausible Validity 

Hypotheses?

To evaluate the quality of AI’s hypotheses, we examined 

three issues. We first examined consistency, or the degree to 

which AI functions as “reliable” independent experts. When 

providing hypotheses multiple times, AI might produce 

highly inconsistent hypotheses. This is problematic within a 

set of experts (i.e., poor inter-rater reliability) and would be 

equally problematic with AI. We thus examine consistency 

within AI and compare it to consistency within panels of 

experts. We next examine agreement, or the degree to which 

AI’s hypotheses converge with experts’ hypotheses. If 

agreement is strong, then AI’s hypotheses approximate 

those that would be provided by experts. Finally and most 

importantly, we examine accuracy, or the degree to which 

AI’s predictions (regarding the validity correlations that 

should be obtained) correspond with validity correlations 

that are actually obtained. Even if AI agrees well with 

experts, it (and the experts) might be providing poorly 

grounded hypotheses. We will thus examine the degree to 

which AI’s hypotheses are psychologically plausible and 

accurate.

Overview of Methods

Here we detail our evaluation using ChatGPT 4o,3 with 

details of our analysis using Gemini in the Online 

Supplemental Material. We evaluated AI’s ability to make 

psychologically reasonable predictions regarding conver-

gent and discriminant validity, repeating this for nine focal 

scales/subscales. Each scale/subscale’s validity has previ-

ously been examined through the hypothesis-driven proce-

dure described earlier—gathering experts’ predictions for 

validity correlations, obtaining data from participants and 

computing actual validity correlations, and examining cor-

respondence between predicted and actual correlations.

The Moral Character Questionnaire (MCQ; Furr et al., 

2022) comprises seven subscales—Global Morality, 

Loyalty, Honesty, Fairness, Compassion, Purity, and 

Respect. Each required its own psychometric evaluation, 

including convergent and discriminant validity. As reported 

in Furr et al. (2022), participants (N = 246 from Amazon’s 

Mechanical Turk) completed the MCQ and 21 criterion 

measures.4 The T-TCS (Reynolds et al., 2025) produces a 

score ostensibly reflecting “the tendency toward expressing 

one’s beliefs accurately and faithfully.” In an examination 

of the T-TCS’s validity, N = 525 participants from Qualtrics 

Panels completed the T-TCS and 32 criterion measures 

(Reynolds et al., 2025). The Patient Reaction scale (P-React; 

Furr et al., in preparation) assesses the tendency to react 

patiently (i.e., the tendency to react calmly, internally and 

externally, to slower than desired progress toward goal 

achievement). To evaluate the P-React scale’s convergent 

and discriminant validity, Furr et al. (in preparation) asked 

participants (N = 242 university students) to complete 

P-React and 22 criterion scales. Across the nine scale/sub-

scale scores produced by these measures, we thus replicated 

our AI evaluation nine times for each chatbot (ChatGPT and 

Gemini).

For each evaluation, we provided AI with three pieces of 

information that were as identical as possible to information 

provided previously to experts (see the Online Supplemental 

Material for all instructions to both experts and AI). First, 

we provided instructions describing the hypothesis task. As 

shown in Figure 1 for our first test, we described the idea of 

a focal construct (e.g., Global Morality), the fact that we 

were asking for predictions, suggestions on how to make 

predictions, and a request to read the criterion scales’ item 

content when making predictions (note: instructions for all 

tests are in the Online Supplemental Material). Second, we 

provided information about the focal construct or focal 

scale—either providing the construct name and scale items, 

or providing a conceptual definition/explanation about the 

construct without providing the focal scale’s item content 

(again, reflecting what experts had received). Third, we 

provided information about each criterion scale—its name, 

item content (including indicating which items are posi-

tively keyed and which are negatively keyed), response 

scale, and a brief statement of the meaning of a high score 

on the scale (e.g., “a high score indicates greater filial 

piety”). In essence, we told AI (as experts had previously 

been told) what we wanted it to do, and we gave it the infor-

mation necessary to do it. AI then produced a set of pre-

dicted correlations, each one a correlation between a scale 

measuring the focal construct and a criterion scale.

For each test, we repeated the process several times to 

match the number of experts previously providing predic-

tions. As described below, we conceived of each AI “trial” 
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or set of predictions to parallel one independent expert. 

Thus, if five experts had previously provided predictions 

for a given focal scale, we asked AI to make its predictions 

five separate times. We disabled AI’s memory function to 

ensure, as much as possible, that each AI trial is indepen-

dent of previous trials (e.g., we disabled ChatGPT 4o’s abil-

ity to remember previous chats). To some degree, this 

parallels work by independent experts.

Methodological Differences Across Focal Scales

The original validation work for the MCQ, T-TCS, and 

P-React differs from each other in two ways relevant to the 

current work. First, they differ regarding the availability of 

directly relevant online information at the time of our analy-

sis. For the MCQ, both the experts’ predictions and the actual 

correlations were available online in a published journal arti-

cle and supplemental document, though behind the publish-

er’s paywall (Furr et al., 2022). For the T-TCS, the paper by 

Reynolds et al. was not published; however, expert predic-

tions and actual correlations were presented in a PsyArXiv 

technical report (https://osf.io/preprints/psyarxiv/brg9w_v1). 

For the P-React scale, no information was available online, 

aside from a preregistration that was not publicly viewable.

Second, the three validation studies differed from each 

other in terms of the conceptual depth provided in the 

instructions to the hypothesis-generation task. When 

making predictions for the MCQ, experts (and subsequently 

AI) received the names of the focal constructs (e.g., Global 

Morality) and the items on the MCQ’s subscales, along with 

other information and instructions. For an ideal test of con-

struct validity, the question to experts (or AI) should be “if 

we have a good scale assessing construct X, how should 

that scale correlate with each criterion measure?” To answer 

that question, experts (and AI) do not need the focal scale’s 

items. In fact, access to those items might reduce the value 

of the process. A better approach is to provide experts (and 

AI) with clear definitions, explanations, and/or descriptions 

of the focal construct rather than scale items and/or simple 

labels for those constructs.5 Such information can guide 

experts’ and AI’s understanding of the construct, may pro-

vide clearer insight into its likely nomological network, and 

may minimize misinterpretations potentially arising based 

on a simple scale label. Thus, the information provided to 

experts in the original validation work (and thus in our eval-

uation of AI) for the T-TCS and P-React withheld items on 

the focal scales and provided detailed conceptual defini-

tions and descriptions of the focal constructs.

Actual Validity Correlations and Experts’ 

Hypothesized Validity Correlations

The actual correlations between each scale/subscale and 

each criterion were computed from the previously collected 

Figure 1. Instructions Given to ChatGPT, for the Moral Character Questionnaire.
Note. At an early phase of development, the MCQ was tentatively called the Moral Trait Scale. Since that term was presented to experts, we 

presented it to ChatGPT.
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validation data. For example, Table 1’s “Actual r” column 

presents the actual correlations for the Moral Character 

Questionnaire’s Global Morality (MCQ-GM). Correlations 

for other scales/subscales are available in Furr et al.’s 

(2022) supplemental document (for other MCQ subscales), 

Reynolds et al. (2025), and Furr et al. (in preparation).

In original validations of each scale/subscale, experts 

produced hypotheses regarding validity correlations. As 

Furr et al. (2022) reported for the MCQ, five experts (fac-

ulty, postdoctoral fellow, and graduate students) indepen-

dently considered each MCQ subscale’s name and item 

content, reviewed item content from each of 21 criterion 

measures, and generated hypotheses regarding the correla-

tion between the subscale and each criterion. Each expert 

thus independently provided seven sets of hypotheses, with 

21 predictions per set. For example, Table 1’s “Expert 

Predictions” columns present each expert’s prediction 

regarding Global Morality and each criterion. Similar pro-

cedures were used to obtain experts’ hypotheses for the 

T-TCS, with six experts considering 32 criteria, and for the 

P-React scale, with five experts considering 22 criteria. All 

expert hypotheses were generated prior to obtaining actual 

correlations.

Obtaining ChatGPT’s Hypotheses

For each scale/subscale, we queried ChatGPT several times 

(i.e., trials) to match the number of original experts who 

provided hypotheses. For example, Table 1’s “ChatGPT 

Hypotheses” columns present the MCQ-GM validity 

hypotheses produced by ChatGPT for each of five trials. In 

its first trial, ChatGPT predicted a correlation of r = .80 

with MIQ:Self, r = .75 with MIQ:Integrity, and so on. 

Similarly, we queried ChatGPT six times for the T-TCS and 

five times for the P-React scale, reflecting the number of 

original experts for each.

Consistency of ChatGPT Hypotheses

For each scale/subscale, ChatGPT’s hypotheses were highly 

consistent across trials. This can be seen at both the level of 

each criterion (across trials) and at the level of each trial 

(across criteria). At the level of individual criteria, 

ChatGPT’s hypotheses varied little across trials. For 

instance, as Table 1 shows, hypothesized correlations 

between MCQ-GM and MIQ:Self ranged from .75 to .80, 

and hypotheses for each other's criteria ranged ≤ .20 across 

trials for MCQ-GM.

At the level of trials, correlations between trials were 

extremely high (e.g., the correlation between Table 1’s 

“Trial 1 and “Trial 2” columns). Viewing each trial as a 

rater, the average “inter-rater” consistency correlation is .99 

for MCQ-GM (see Table 2’s “Inter-rater Consistency: 

ChatGPT” column). This indicates that the criteria 

hypothesized to have strong positive (or strong negative, or 

near-zero) correlations with MCQ-GM in one trial were 

essentially exactly those hypothesized to have strong posi-

tive (or negative or near-zero) correlations in other trials. As 

Table 2 shows, similar consistency emerged for the remain-

ing MCQ subscales, the T-TCS, and P-React. Average con-

sistency correlations ranged between .95 and .99.

ChatGPT’s consistency was generally greater than the 

consistency across experts. For example, as Table 1 shows, 

experts’ hypotheses for the correlation between MCQ-GM 

and MIQ:Self ranged from .35 to .90 (recall, ChatGPT’s 

hypotheses ranged from .75 to .80). The average inter-rater 

consistency correlation for experts was strong at .93 for 

MCQ-GM, and it ranged from .40 to .91 for the other scales/

subscales (see Table 2).

We next aggregated hypotheses across ChatGPT’s trials 

for each focal scale. For example, Table 1’s “Aggregated 

Hypotheses: ChatGPT” column and Figure 2A display 

ChatGPT’s average (across the five trials) hypothesized 

MCQ-GM correlation with each criterion. We view these 

aggregated hypotheses as ChatGPT’s overall hypotheses 

regarding the correlations that should be obtained if MCQ-

GM’s scores are valid reflections of Global Morality. We 

conducted similar cross-trial aggregations of ChatGPT 

hypotheses and of experts’ hypotheses for each focal scale 

(i.e., MCQ-Honesty, T-TCS, P-React, etc.). For example, 

Table 1’s “Aggregated Hypotheses: Experts” column pres-

ents aggregations across the five experts’ hypotheses for 

MCQ-GM’s associations with each criterion.

Agreement Between ChatGPT’s Hypotheses and 

Experts’ Hypotheses

We next compared ChatGPT’s aggregated predictions to 

experts’ aggregated predictions, finding generally strong 

agreement, with some differences. Table 1’s “Aggregated 

Hypotheses” columns and Figure 2B display ChatGPT’s 

hypotheses alongside experts’ aggregated hypotheses. As 

this table and figure show, ChatGPT’s MCQ-GM hypothe-

ses are largely similar to experts’ hypotheses (e.g., MIQ:Self, 

r =.77, and r = .69, respectively).

In general, ChatGPT’s hypotheses were somewhat “more 

positive” (i.e., farther above 0) than experts’ hypotheses. For 

example, as Table 2 shows for MCQ-GM, ChatGPT hypoth-

esized a correlation of .39 on average across criterion scales, 

while experts hypothesized a slightly weaker correlation of 

.33 on average. This arises from two facts: (a) ChatGPT’s 

hypotheses were generally more extreme (i.e., larger in 

absolute magnitude) than experts’ hypotheses, and (b) most 

criterion scales were predicted to be positively correlated 

with MCQ-GM. This pattern was observed for the other 

eight focal scales, as shown in Table 2.

ChatGPT’s hypotheses were also slightly more varied 

across criterion scales, as compared to experts’ hypotheses. 
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For MCQ-GM as an example, Table 1 shows that ChatGPT’s 

hypotheses across criteria ranged from −.60 to .77 (standard 

deviation = .45), while experts’ hypotheses ranged from 

−.62 to .72 (standard deviation = .40). As shown by the 

standard deviations in Table 2, this difference was observed 

for the other eight focal scales as well. Thus, ChatGPT pro-

vided slightly more wide-ranging predictions than did 

experts.

Correlating ChatGPT’s and experts’ aggregated hypoth-

eses across criteria, we found strong agreement. For exam-

ple, the correlation between Table 1’s two “Aggregated 

Hypotheses” columns was r = .95. As also illustrated by 

the fact that Figure 2B’s lines parallel each other closely, 

this correlation indicates that ChatGPT and experts gener-

ally agreed upon which criterion scales would have the 

strongest positive, weakest, and strongest negative correla-

tions with MCQ-GM (i.e., the relative ordering of the 

hypotheses, across criteria). As shown in Table 2’s 

“Agreement” column, we found similarly strong agree-

ment for the other eight focal scales/subscales, ranging 

from r = .91 to r = .96.

Accuracy of the Hypotheses

Finally, we examined the accuracy of ChatGPT’s hypothe-

sized validity correlations in terms of correspondence with 

Figure 2. ChatGPT-Predicted, Expert-Predicted, and Actual Validity Correlations: Moral Character Questionnaire’s Global Morality 
Subscale. (A) MCQ-GM ChatGPT-Predicted Correlations. (B) MCQ-GM ChatGPT-Predicted and Expert-Predicted Correlations. (C) 
MCQ-GM ChatGPT-Predicted, Expert-Predicted, and Actual Correlations.
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actual correlations. Consider Table 1’s “Actual r” column, 

which displays the actual correlation between MCQ-GM 

and each criterion. How closely do ChatGPT’s hypotheses 

correspond with these empirical values? We examined “cor-

respondence with actual validity correlations” from two 

perspectives.

Pattern-Level Accuracy. Pattern-level accuracy is essentially 

the degree to which AI (and experts) correctly hypothesized 

the relative ordering of a set (or pattern) of correlations. 

High pattern-level accuracy means that a pattern of hypoth-

esized correlations (i.e., which criteria were hypothesized to 

be relatively positive vs. weak vs. negative) corresponds 

well with the pattern of actual correlations. We quantify 

pattern-level accuracy as a correlation between a set of 

hypothesized correlations and a set of actual correlations, 

paralleling the “quantifying construct validity” (QCV; Furr 

& Heuckeroth, 2019; Westen & Rosenthal, 2003) proce-

dure. This perspective is particularly useful when a large 

number of criterion measures are examined, and it has been 

used in scale validation (e.g., Costello et al., 2022; Miller 

et al., 2016; Moultrie & Engel, 2017; Porcerelli et al., 2016; 

Poythress et al., 2010; Suzuki et al., 2017; Wehner et al., 

2021).

When accuracy is operationalized from this perspective, 

ChatGPT generally performs well. For example, for 

MCQ-GM, the correlation between ChatGPT’s (aggre-

gated) predicted correlations and the actual correlations was 

r = .94, as shown in Table 2. This result is again illustrated 

by the fact that the shape of ChatGPT’s line in Figure 2C 

closely parallels the shape of the “Actual” correlation line, 

indicating that the criteria hypothesized by ChatGPT to 

have relatively strong positive (or weak or negative) corre-

lations were almost exactly those that actually had rela-

tively strong positive (or weak or negative) correlations 

with MCQ-GM. For comparison, we also correlated experts’ 

(aggregated) predicted correlations with the actual correla-

tions, with r = .97 (see Table 2 and Figure 2C).

Traditional parametric procedures are not well-suited for 

testing the significance of the difference between ChatGPT 

and expert accuracy correlations, so we used a bootstrap-

ping procedure via the boot package in R (v1.3-31; Canty & 

Ripley, 2024).6 We generated a bootstrapped 95% confi-

dence interval around the experts’ accuracy correlation (see 

Table 2) and considered ChatGPT’s accuracy significantly 

different if it fell outside that interval. This revealed that the 

difference in pattern-level accuracy for MCQ-GM predic-

tions was not statistically significant.

As Table 2 shows, results were similar for the other eight 

focal scales/subscales. ChatGPT’s accuracy ranged from .86 

to .96, experts’ accuracies ranged from .86 to .97, and the 

difference was nonsignificant for all but one scale. For the 

P-React scale, ChatGPT’s accuracy was high (r = .88), but 

was significantly lower than experts’ accuracy (r = .96).

Criterion-Level Accuracy. A second way to examine accuracy 

is separately for each criterion. For a given criterion scale, 

accuracy is the degree to which its hypothesized correlation 

matches its relevant actual correlation. For example, Chat-

GPT hypothesized that the MCQ-GM should correlate r = 

.77 with MIQ:Self. Does that match the actual correlation 

between MCQ-GM and MIQ:Self? This perspective is 

likely most relevant when one or a few criterion measures 

are examined, and it reflects the absolute match between 

values (rather than reflecting similarity in relative magni-

tudes across correlations, as in the pattern-level perspec-

tive). When conducted for each criterion scale, we obtain a 

criterion-level perspective on AI’s (and experts’) accuracy.

Consider again the aggregated hypotheses in Table 1, for 

MCQ-GM. ChatGPT hypothesized the correlation between 

MCQ-GM and MIQ:Self to be r = .77, experts hypothe-

sized the correlation to be r = .69, and the actual correlation 

was r = .71. Thus, ChatGPT’s hypothesis was somewhat 

further from the actual correlation (indicating greater inac-

curacy) than was experts’ hypothesis (inaccuracies of .06 

and −.02, respectively) as compared to experts’ hypothesis. 

This pattern was observed for MCQ-GM, on average, 

across criteria. As Table 3 shows, the average absolute value 

of inaccuracies was somewhat larger for ChatGPT than for 

experts (.12 vs. .08, respectively).

Again unfortunately, traditional parametric tests are not 

suited to evaluating the statistical significance of such dif-

ferences.7 Therefore, we implemented a four-step proce-

dure to determine whether ChatGPT’s hypothesis for a 

given criterion was significantly more or less accurate than 

the experts’ hypothesis for that criterion. First, we calcu-

lated the relevant standard error of each actual correlation 

(e.g., for MCQ scales, N = 246, so standard error = .064). 

Second, we Fisher-transformed each set of three correla-

tions (i.e., the actual correlation, ChatGPT’s hypothesized 

correlation, and experts’ hypothesized correlation) and 

computed the raw discrepancy between the (transformed) 

actual correlation and each (transformed) hypothesis (e.g., 

raw discrepancy = .133 and −.039 for ChatGPT and experts’ 

predictions for MCQ-GM and MIQ:Self, respectively). 

Third, we divided raw discrepancies by the relevant stan-

dard error, obtaining an error-calibrated discrepancy for 

each hypothesis (i.e., 2.08 and .610, for ChatGPT and 

experts). Fourth, based on the logic of declaring statistical 

significance when a statistic is (approximately) two stan-

dard errors away from a null value, we considered 

ChatGPT’s hypothesis significantly more accurate if (the 

absolute value of) its error-calibrated discrepancy was itself 

two or more standard errors lower than the (absolute value 

of) experts’ error-calibrated discrepancy. Similarly, we con-

sidered the experts’ hypothesis significantly more accurate 

if its error-calibrated discrepancy was two or more standard 

errors lower than ChatGPT’s error-calibrated discrepancy, 

and we declared the two not significantly different if the 
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two error-calibrated discrepancies were within two standard 

errors of each other. For the MIQ:Self scale, ChatGPT’s dis-

crepancy was not significantly different from the experts’ 

discrepancy (i.e., 2.06 − .610 < 2.00). That is, ChatGPT’s 

hypothesis was not significantly further away from the 

actual correlation than was the experts’ hypothesis.

Using this procedure, we conducted a significance test 

for the MCQ-GM’s association with each of its criterion 

measures. As Table 1’s final column shows, ChatGPT’s 

hypotheses for MCQ-GM were significantly better than 

experts’ hypotheses for 3 of the 21 criterion scales (14%), 

experts’ hypotheses were significantly better than ChatGPT’s 

hypotheses for 6 scales (29%), and neither was significantly 

better or worse than the other for 12 scales (57%).

We applied this procedure to all nine focal scales/sub-

scales. As Table 3 summarizes, neither ChatGPT nor experts 

consistently outperformed the other. ChatGPT’s hypotheses 

were more frequently accurate than experts’ hypotheses for 

some scales; they were more frequently less accurate for 

other scales, and many comparisons revealed nonsignifi-

cant differences in accuracy. This was particularly the case 

among MCQ subscales, which also varied in terms of which 

source (ChatGPT or experts) tended to have better accu-

racy. ChatGPT seemed to perform somewhat worse than 

experts for the T-TCS and P-React scale, though many of 

those comparisons were nonsignificantly different. 

Specifically, ChatGPT was significantly more accurate than 

experts for only 9% of the criteria for T-TCS and P-React. 

In contrast, it was significantly less accurate for 66% (for 

T-TCS) and 45% (for P-React) of the criteria.

Replication With Gemini

To evaluate whether these results are unique to ChatGPT 

4o, we replicated all analyses using a different AI chatbot, 

Google Gemini. Available in Tables S1 and S2 in the Online 

Supplemental Material, results indicate that Gemini per-

formed similarly to ChatGPT. Gemini’s inter-trial consis-

tency ranged from .85 to .99 (M = .95), which was slightly 

lower than ChatGPT’s (M = .98) but somewhat higher than 

experts’ (M = .79). On average, its hypotheses (mean 

hypothesized correlation = .27 across all focal scales and 

criteria) were slightly less strongly positive than ChatGPT’s 

(M = .31) but slightly higher than experts’ (M = .23). Its 

agreement with experts’ hypotheses ranged from .87 to .98 

(M = .94), which was similar to ChatGPT’s agreement with 

experts (M = .94).

Gemini’s accuracy was very similar to ChatGPT’s. From 

a pattern-oriented perspective, Gemini’s accuracy ranged 

from .79 to .97 (M = .93, ChatGPT M = .92). For eight of 

the nine focal scales, its pattern-oriented accuracy was not 

significantly different from experts’ accuracy. As with 

ChatGPT, the lone exception was P-React, for which 

Gemini’s accuracy was significantly lower than experts’ 

accuracy (.79 vs .96). From a criterion-specific level, 

Gemini’s accuracy was more similar to experts’ accuracy 

than was ChatGPT’s accuracy. Across all focal scales and 

all criteria, Gemini’s hypothesized correlations were sig-

nificantly closer (than experts’ predictions) to actual corre-

lations 20% of the time, they were significantly further 

(than experts’ predictions) from actual correlations 21% of 

the time, and they were not significantly closer or further 

59% of the time. The corresponding values for ChatGPT 

were 25%, 32%, and 43%.

Discussion

There is great potential value to a scale validation process 

guided by precise a priori hypotheses regarding validity 

correlations, but researchers rarely adopt this approach. 

AI might help researchers navigate two challenges that 

may be limiting the use of such validation procedures. We 

Table 3. Evaluating the Accuracy of a Criterion-Specific Approach to Validity.

Scale

Average absolute 
inaccuracy

Percent of criterion scales for which AI or experts were 
significantly more accurate

AI Experts
AI more 
accurate

Experts more 
accurate

No significant 
difference

Study 1: Moral Character Questionnaire

 Global Morality .12 .08 14% 29% 57%

 Loyalty .21 .23 14% 10% 76%

 Honesty .13 .15 48% 38% 14%

 Fairness .12 .13 29% 29% 43%

 Compassion .09 .10 14% 24% 62%

 Purity .13 .11 19% 24% 57%

 Respect .11 .21 71% 24% 5%

Study 2: Truthful Communication Scale

 Truthful Comm. .19 .09 9% 66% 25%

Study 3: Patience Scale

 Patience .18 .08 9% 45% 45%
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evaluated whether AI can help researchers to identify rel-

evant criterion measures and to generate precise a priori 

hypotheses for testing convergent and discriminant valid-

ity. Findings suggest that AI can indeed facilitate scale 

validation by addressing these challenges.

AI Can Help Identify Relevant Criterion 

Measures

To evaluate a scale’s validity across criterion measures, 

researchers must identify and select a range of theoretically 

relevant measures. This can be challenging, as some con-

structs might not initially appear to have many clear theo-

retically relevant potential correlates, or as researchers 

might simply be unaware of relevant constructs and mea-

sures. We found that ChatGPT 4o can competently assist 

with this process, as it provided suggestions that converged 

well with criterion measures that were generated indepen-

dently by researchers. It did so in a fraction of the time ini-

tially required by researchers.

Thus, AI can serve as a tool to generate ideas for identi-

fying constructs and measures to use in evaluating criterion, 

predictive, convergent, or discriminant validity. Based on a 

script (see our example) that describes a focal construct and 

requests ideas, AI can facilitate such identifications rapidly. 

Even if it does not fully replace researchers’ own ideas 

regarding relevant constructs and measures, AI can quickly 

supplement or expand those ideas. It might well produce 

options that failed to appear among researchers’ ideas, 

potentially improving the scope and quality of validation 

work with minimal costs in time or effort. That said, 

researchers should expect some of AI’s suggestions to be 

problematic in some way (e.g., incorrectly titled or accom-

panied by an incorrect citation), and a small number simply 

might not exist.

AI Can Help Generate Precise Hypotheses for 

Convergent and Discriminant Validity

A highly rigorous hypothesis-driven approach to scale vali-

dation benefits from precise a priori hypotheses regarding 

validity correlations. Imprecise or post hoc hypotheses pro-

vide weak tests of a scale’s validity, as they open a door for 

subjective, impressionistic, and potentially biased conclu-

sions. However, producing and testing precise a priori pre-

dictions might seem risky or daunting for many researchers. 

A useful approach can be to rely on panels of experts to 

produce such hypotheses, but doing so imposes on those 

experts and may take significant time.

We found that AI can quickly produce precise and plau-

sible hypotheses regarding convergent (or criterion or pre-

dictive) and discriminant validity. There were at least three 

key findings. First, the “inter-rater consistency” of hypoth-

eses obtained from different trials using AI was extremely 

strong, even somewhat stronger than consistency across 

experts. AI avoided some idiosyncratic mistakes or misin-

terpretations that sometimes occur with conscientious 

experts (e.g., an expert occasionally specifies the magnitude 

of a hypothesized correlation but forgets to specify the 

direction). Second, AI’s hypotheses generally agreed 

strongly with experts’ hypotheses, at least in terms of the 

pattern of correlations across criteria. This suggests that 

AI’s hypotheses are generally good approximations of 

experts’ hypotheses, in terms of which criteria will be posi-

tively, weakly, and negatively correlated with a focal scale. 

Third, AI’s hypotheses were roughly as accurate as experts’ 

hypotheses, in terms of corresponding with actual validity 

correlations. Although accuracy varied somewhat by per-

spective (pattern-level or criterion-level) and by focal scale, 

most comparisons revealed no significant differences 

between AI’s and experts’ accuracy. Similar results emerged 

for both ChatGPT 4o and Google Gemini, both producing 

psychologically reasonable hypotheses in a fraction of the 

time required by experts.

We thus conclude that researchers can use AI (at least 

ChatGPT 4o and Google Gemini) to help generate precise a 

priori hypotheses for scale validation. We imagine several 

options or circumstances that researchers might consider. 

First, researchers might rely solely on AI to produce psy-

chologically plausible hypotheses, completely bypassing 

expert input. Although we are not yet convinced that this is 

always advisable, it represents a practical trade-off. 

Researchers can weigh the risk of AI producing suboptimal 

hypotheses against the time and effort saved by relying on 

AI rather than on panels of experts. Few, if any, of our com-

parisons indicate that AI’s hypotheses were dramatically 

worse than experts’ hypotheses, and in fact, AI’s hypotheses 

were not infrequently more accurate than experts’ hypothe-

ses. When combined with the time and inconvenience (to 

one’s colleagues and acquaintances) saved by using AI, this 

might lead researchers to conclude that the risk of subopti-

mal hypotheses is small enough (or the likelihood of rea-

sonable hypotheses is large enough) that relying fully on AI 

is appropriate. Similarly, some researchers might lack 

access to panels of experts to impose upon, and they thus 

might use AI to approximate experts that are otherwise 

unavailable. In our view, these are justifiable decisions. 

However, researchers might alternatively conclude that the 

time and inconvenience saved by relying fully on AI is not 

worth the risk (as low as it might be) of suboptimal hypoth-

eses. Again, this can be a justifiable decision, depending on 

the researcher’s circumstances.

A second option would be to use AI for hypotheses to 

consider alongside experts’ hypotheses, rather than fully 

replacing experts. Individual researchers who lack access to 

(or do not wish to burden) panels of experts might generate 

their own hypotheses and use AI to produce complementary 

hypotheses. The researcher could use AI’s hypotheses as a 
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second expert to be aggregated with their own hypotheses. 

Alternatively, the researcher could use AI as a way to con-

firm or question their hypotheses. For example, the 

researcher might initially hypothesize that a good measure 

of patience should be correlated with self-control at r = .40 

and with impulsivity at r = −.10, but find that AI hypothe-

sizes the correlations to be r = .36 and r = −.48, respec-

tively. AI’s hypotheses might lead the researcher to feel 

confident in her hypothesis for self-control, but to revisit 

and perhaps reconsider her hypothesis for impulsivity. Even 

researchers who can recruit a panel of experts might con-

sider AI hypotheses alongside experts’ hypotheses, using AI 

as one of several “experts” to be queried and aggregated. 

Finally, when using AI for any of these purposes, research-

ers might opt to query more than one AI platform, consider-

ing that each may have its own model, its own training, and 

its own information base.

The current work used actual correlations as standards to 

evaluate the accuracy or quality of AI’s (and experts’) 

hypotheses; however, we should acknowledge that this 

reverses the perspective in actual scale validation work. In 

validity studies, theory-based hypotheses (either from 

experts or AI) reflect the correlations that should be obtained 

if a focal scale is a good measure of its intended construct. 

Those hypothesized correlations are the standard, and the 

scale’s quality is evaluated in terms of how well its actual 

correlations correspond to those hypotheses. In contrast, 

our current analyses used actual correlations as the standard 

and evaluated the quality of the “theorists” (i.e., experts, 

ChatGPT, and Gemini) in terms of how well their hypothe-

sized correlations correspond to those actual correlations. In 

both contexts, a lack of convergence between hypothesized 

and actual correlations could reflect either (or both) of two 

possibilities. The current study’s accuracy is based on the 

assumption that it reflects theoretically incorrect hypothe-

ses (e.g., experts or AI-generated, poorly informed hypoth-

eses). In contrast, most actual scale validation work is based 

on the assumption that a lack of convergence reflects theo-

retically incorrect actual correlations (e.g., the focal mea-

sure is a poor indicator of the intended construct, so its 

correlations are poor reflections of the way that a good mea-

sure should correlate with other variables). Our interpreta-

tion of convergence as accuracy (and of lower convergence 

as less accuracy) should be understood in that context.

Implications for Understanding AI

Although not the focus of this paper, our findings may have 

implications for understanding how AI stores and uses 

knowledge. With a generally high level of accuracy, AI 

hypothesized validity correlations between dozens of spe-

cialized psychological constructs. One potential explana-

tion for this finding might be that AI had previously seen 

and stored those correlations, and it simply produced them 

from “memory.” This explanation is based on the view that 

AI mainly operates by recording and then reproducing 

recorded information. However, this explanation seems 

unlikely. First, for AI to have stored the correlations avail-

able from the two relevant papers, it would have to have 

stored every number in the paper, including p-values, page 

numbers, means, demographics, or it would have had to 

make judgments about which numbers were important prior 

to storage. Second, AI did not predict the actual correla-

tions, so there would have to be an explanation for the noise 

in a table lookup model. But most importantly, the results 

for P-React were not available online (though again, 

experts’ hypotheses were preregistered but not publicly 

available); however, it was able to predict those accurately 

as well.

Rather, these findings are more consistent with the view 

that AI processes the information it encodes and stores it as 

abstract concepts and the interrelationships between them 

(e.g., Pavlick, 2023; Xu et al., 2023). If AI did not have the 

correlations in its memory, then it must have somehow 

inferred the correlations between the concepts from the 

information it did have. And it had to have done so in a way 

that was accurate. Although this study was not designed to 

investigate this process, its findings suggest that this pro-

cess has certain features. Specifically, AI must have had: (a) 

a fairly accurate representation of patience (and the other 

focal scales), (b) a fairly accurate representation of the cri-

terion concepts, and (c) an ability to predict the two con-

cepts’ likely co-occurrence in humans. It had to use (c) to 

estimate the degree of psychological connection between 

(a) and (b), each of which must have been fairly accurately 

abstracted. These concepts may be stored as explicit defini-

tions, as pointers/vectors to other, related concepts, or in 

some other form. Nonetheless, AI’s predictive performance 

is difficult to explain without positing some form of abstract 

representation of the focal concepts and of the concept of 

psychological relationship. Rather than just a stochastic 

prediction machine, AI appears to be a stochastic prediction 

machine based on an abstracted encoding of human 

psychology.

Limitations and Future Directions

AI is evolving rapidly, with capabilities frequently expand-

ing. Based on our findings and the fast pace of expansion in 

AI, its usefulness in supporting hypothesis-driven evalua-

tions of convergent and discriminant validity is unlikely to 

diminish. As AI models continue to improve in reasoning 

and language understanding, their ability to serve as valu-

able tools in construct validation will likely remain stable or 

even strengthen.

The current work has limited generalizability in at least 

three ways. First, we evaluated both ChatGPT 4o and 

Google Gemini, and the results were consistent across those 
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models. Nevertheless, further investigation may evaluate 

additional models (Anthropic’s Claude, Deepseek, etc.) to 

reveal whether any are particularly well-suited (or poorly 

suited) to these tasks. Second, although we replicated results 

across nine scales/subscales (conducting essentially nine 

examinations of both ChatGPT 4o and Gemini), this set is 

limited. All focal scales assess constructs in moral psychol-

ogy, and the generalizability of our findings to other types 

of constructs and scales is unknown. Third, the actual cor-

relations from all nine focal scales are based on participants 

from the United States. Although they varied in age, gender, 

and recruitment strategy (i.e., some samples were from col-

lege students and some from online recruitment platforms), 

they are geographically and culturally limited to the United 

States.

Aside from addressing those limitations to generalizabil-

ity, future research can explore additional issues. We 

devoted considerable time to tailoring and testing our scripts 

(e.g., with and without criterion scale names), but scripts 

might be revised in new ways that improve AI’s perfor-

mance. In addition, we provided no training to the AI mod-

els; instead used basic models likely to be most familiar and 

rapidly usable for most researchers. That said, some form of 

training (e.g., providing manuscripts that detail relevant 

theoretical perspectives or scales) might improve AI’s per-

formance, though this would increase the time spent on 

using AI. Finally, many of the constructs that we examined 

(i.e., morality, compassion, truthfulness, etc.) may have 

considerable representation in empirical work and other 

sources available to AI. It is unclear whether AI would per-

form as well when asked to generate hypotheses for con-

structs that are not as well-represented in relevant sources. 

Indeed, AI’s worst performance was observed for patience, 

which is likely less extensively represented in the empirical 

literature than many or most of the other constructs that we 

examined.

Conclusions

Our goal has been to evaluate whether AI can facilitate a 

rigorous hypothesis-driven approach to construct validation 

in a way that may expedite and improve the validation pro-

cess and thereby advance psychological assessment. Our 

findings suggest that AI may indeed be able to assist 

researchers by helping to identify relevant criterion mea-

sures and by quickly producing psychologically plausible, 

precise hypotheses for validity correlations. Using AI in 

these ways might accelerate and/or improve the process of 

scale validation.
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Notes

1. Alternative views also highlight the importance of theory in 

defining and evaluating validity (e.g., Borsboom et al., 2004) 

and thus implicitly highlight the importance of theoretically 

guided hypothesis testing.

2. In early phases of validating the T-TCS, Reynolds et al. 

(2025) referred to the relevant construct as “moral truth 

speaking.” We adopted that label when working with AI, as 

shown in the Online Supplemental Material.
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3. We initially considered evaluating the freely available 

ChatGPT 3.5. However, initial testing of its ability to simply 

use item content to produce reasonable predictions between 

scales proved unsuccessful. This testing involved no con-

structs ultimately used for the study. Rather, it involved 

items and constructs related to the Big Five personality 

traits. Although ChatGPT 3.5 performed poorly in prelimi-

nary tests, ChatGPT 4o performed well. We thus focused on 

ChatGPT 4o rather than 3.5 for our core analyses.

4. Here, we focus on one of three samples in Furr et al.’s (2022) 

analysis of the MCQ, one of two samples in Reynolds et al.’s 

(2025) analysis of the T-TCS, and one of two samples and 

one of two forms of P-React from Furr et al. (in preparation). 

For each scale, original validation results were highly similar 

across samples (and across forms, for P-React). We assumed 

such similarity would be observed here and thus examined 

one sample for each scale.

5. The idea is that hypotheses should emerge strongly from 

the conceptualization of the focal construct. It treats the key 

question as “in what ways should a good measure of the focal 

construct (as we have defined and described it) correlate with 

each of these other measures.” This keeps experts’ (and AI’s) 

focus on the intended construct, rather than on a potentially 

flawed set of items to be used as a measure of that construct. 

We likely do not want to know how a potentially flawed set 

of items should correlate with a set of criterion measures. 

Rather, we want to know how a good measure of the intended 

construct should correlate with those criteria. An alternative 

approach could also ask experts or AI to also consider meth-

odological issues (e.g., reliability of criterion measures and 

similarity of method variance between the focal measure and 

criterion measures; Furr & Heuckeroth, 2019).

6. Parametric tests are problematic for these correlations 

because the “unit of observation” is the criterion scale. 

Criterion scales were not randomly sampled, which violates 

one assumption of parametric tests. Moreover, the inferen-

tial population is not clear, as the most relevant “population” 

would be some kind of population of criterion scales. Finally, 

these criteria are not “independent observations” in any typi-

cal sense, again violating an assumption and raising ambigu-

ity about appropriate degrees of freedom.

7. Existing parametric tests can evaluate whether an observed 

correlation differs from a single (null) hypothesis value. 

However, we know of no test to evaluate whether an 

observed correlation is closer to one hypothesized value 

than to another hypothesized value, which is the question 

here.
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