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We introduce a Labor Market Turing Test (LMTT) to evaluate alignment
between human and Al decision-making in hiring. Through a randomized
lab-in-the-field experiment with human recruiters, we compare their referral
decisions to those of Al-recruiter teams built on large language models that
sequentially impersonate traits of human counterparts. We define machina, a
latent trait mapping human and Al recruiting decisions along a common scale.
Results reveal distributions of such traits among humans differ distinctly from
Al-based ones across first and higher moments. While impersonation of hu-
man traits approximates Al teams’ variance and skewness to human levels,
full capture remains elusive. Human patterns are better mapped through
mixed distributions heavily weighting random selection over Al-rational can-
didate choices. Importantly, trait alignment between human and Al decisions
shifts systematically with job complexity and minor applicant distinctions.
The LMTT thus offers both a general measurement method and new insights

into human-AlI decision alignment trade-offs.



Introduction

Screening and selection processes influence nearly every aspect of modern life, from our per-
sonal relationships to key institutional decisions in hiring, healthcare, criminal justice, and ed-
ucation. Once driven exclusively by human judgment, these decisions are now increasingly
guided—or even entirely made—by artificial intelligence (AI). The portrayal of Al as an objec-
tive decision-maker is often a misconception, as it conflates the systematic nature of an algo-
rithm with true impartiality. The central research question is not whether Al can replicate human
decision-making, but rather to critically examine how its systematic processes may reproduce
and reinforce human biases against specific societal groups.

The screening processes within labor markets provide a particularly compelling case study
for understanding the divergence between human and algorithmic decision-making. In this
high-stakes context, the rapid integration of Al into hiring represents a profound yet some-
times inadvertent transformation in recruitment practices, requiring a critical examination of
how these new systems may choose differently from their human counterparts. With some job
postings attracting hundreds or even thousands of applications, companies increasingly rely on
Al to screen applicants before human recruiters review them. According to recent press cov-
erage (1), 48% of hiring managers now use some form of Al-driven screening, and the human
resources industry forecasts a compound annual growth rate of 6.1% in Al utilization through
2030. Given the significant impact hiring decisions have on individuals’ lives and the increasing
complexity of labor markets, Al is poised to become a major gatekeeper in mediating access to
economic opportunities. This transformation has far-reaching implications for both efficiency
and equity.

In this paper, we examine how job referral decisions differ within and between teams of

human and Al recruiters while documenting which aspects of their decision-making processes



drive these differences. While prior research has compared algorithmic versus human perfor-
mance at screening (2—4), few studies have implemented controlled experiments to directly
measure alignment between human and Al judgments or to identify the conditions under which
such alignment is more or less likely to break down. Using data from a lab-in-the-field random-
ized control trial with real recruiters in Ecuador, we evaluate how Al recruiter teams perform
the same candidate selection tasks relative to their human counterparts. These Al teams were
constructed to vary in the degree to which they are asked to impersonate humanlike traits, as de-
fined by the profiles captured by survey instruments filled by human recruiters. Specifically, we
measure differences in decisions when recruiters (human and Al) assess observationally identi-
cal pairs of job applicants, with one applicant randomly assigned to a minority group (migrant,
woman, or self-identified as gay or lesbian).

To systematically compare the human and Al decisions, we develop a Labor Market Tur-
ing Test (LMTT) framework. Leveraging psychometric techniques, we define a latent trait,
machina, that captures how Al-like an agent’s choices (human or otherwise) appear. The
method generates a unidimensional metric of behavioral distance between each Al agent and
each human recruiter in our experiment. Ultimately, it allows us to compare the decisions and
behavioral patterns underlying them relative to a benchmark, offering insight into both how
different the choices are and what can or cannot account for those differences along a common
scale. In addition, the technique reveals how particular job specifications and candidate profiles

help distinguish humans from machines, clarifying how context shapes these contrasts.

Experimental evidence on recruiting by humans

To evaluate hiring referral decisions, we draw on data generated by 277 freelance human re-
sources recruiters we hired for a lab-in-the-field experiment conducted in Ecuador. This exper-

iment, which we described in detail in the Supplementary Materials (SM, Section SM1), was



previously used to examine patterns of unequal treatment (as a function of applicant’s attributes)
in hiring decisions (5—7). Using a web-based platform mimicking standard human resources
software (see Figures SM3 and SM4), the recruiters were tasked with referring best-fit candi-
dates for each of 10 job vacancies with which they were presented, each one with exactly two
applicants (Section SM2). To ensure natural engagement without priming, the task was framed
as a professional consulting assignment aimed at testing the platform’s reliability.

While all recruiters were assigned the same set of job vacancies, each had candidate pair-
ings randomly assigned (out of 10 alternative pairings per vacancy), based on an experimental
structure we describe diagrammatically in Figure SMS5. We henceforth refer to each of these
decisions as trials. Ultimately, each recruiter was exposed to a unique sequence of 10 vacancy-
candidate pair trials, with each trial being evaluated by 17 to 40 unique human recruiters by
the end. Within each trial, job candidates were roughly matched on productivity-related traits
(e.g., education, experience, age) and differed only in one randomized identity marker theme,
either gender, Venezuelan origin (migrant), or sexual orientation, as detailed in Section SM3.
The latter should, in principle, be irrelevant to candidate selection because they do not explicitly
represent productive attributes among the jobs we were hiring for.

Recruiters also completed a detailed background survey, including demographic character-
istics, professional experience, and performance on standardized cognitive, socio-emotional,
and labor market knowledge tests (See Table SM2). Recruiters in our sample (36% of them
hired via LinkedIn contact) were 33.8 years old on average, and 29% of them were male. They
were also highly educated: 93% had completed tertiary education (78% in an HR-related ma-
jor), and 1 in 5 had completed some graduate-level program. Participants had, on average, 3.1
years of work experience, mostly in HR-related roles. Approximately 61% were employed at
the time of participation, and 13% had some work experience outside Ecuador. Responses to la-

bor market knowledge questions (regarding minimum wage and basic labor rights, for example)



indicated strong awareness, with 86% scoring in the top category. In terms of socio-emotional
traits, we observe that our average recruiter scored high on the Rosenberg instrument, which is
considered to be within the normal range (above 30) in the literature. The same was true for
most of the Big Five constructs, with the most obvious counterexample being Openness (which
sat at mid-range levels). Finally, cognitive scores revealed low performance, suggesting that our
average recruiter may handle routine work only with supervision and, surprisingly, may not be

well-suited to jobs involving advanced reasoning and learning.

Al recruiters

We developed four Al recruiter teams using ChatGPT (version GPT 40-mini), each comprising
277 agents, mirroring the structure and sample size of the human recruiter sample. To guide
the development of the Al recruiters, we adapted the method of cognitive interviewing (8)—
commonly used in survey research to assess how respondents understand questions—to evalu-
ate whether Al agents correctly interpret our prompts. Our method aligns with approaches in
prompt engineering, such as the “Cognitive Verifier Pattern,” which guides Al behavior through
structured interactions to ensure comprehension and clarify ambiguity. This technique is con-
sistent with Human-AlI Interaction (HAIC) principles that emphasize trust, interpretability, and
adaptability in Al systems (9-12). Through structured dialogue, we assessed the Al’s under-
standing of the task, its interpretation of humanlike traits they are asked to impersonate, and the
semantic structure of its outputs. This application of cognitive interviewing in prompt engineer-
ing offers a systematic framework for testing and refining Al behavior in high-stakes decision
contexts such as hiring. It also facilitates a conceptual bridge between human cognition and
algorithmic reasoning, one of the core inquiries of our research agenda.

Figure SM6 is a summary infographic explaining the creation of the Al recruiter teams. All

our Al agents followed a standardized protocol of selecting one candidate per trial, resetting



memory after each decision, and evaluating the same 10 vacancies and candidate profiles as
their human counterparts without feedback. We did, however, impose that no memory was to
be carried across trials. Importantly, we did not train the Al recruiters on any human decision-
making data. Instead, aside from the prompts designed to guide their behavior, we relied on their
inherent, pre-existing algorithmic knowledge. The four Al teams differed only in the degree of
instruction they received before executing the screening task. Each team was provided access to
different types of contextual information, organized into four blocks: (a) instructions on the task
to be performed, (b) required “impersonation” of background characteristics of human recruiter
counterparts, (c) an imposed sequence of decisions during platform use, and (d) a limitation
on the set of environments in the web platform displayed during decision process (defined to
correspond to each human counterpart’s sequence).

The teams were defined by the contextual information blocks to which they were subject.
We adopted the following labeling: Robots were only subject to (a); Avatars to (a), (b), and (c);
and Clones to (a), (b), (c), and (d). Our final group, Randomistas, created a reference choice
procedure that emulated a particular realization of a coin toss every time a choice was required.
This gradation from clones to randomistas illustrates a range of possible alignments with human

context and behavior. More details are presented in Section SM4.

A Labor Market Turing Test

In order to systematically contrast human and algorithmic judgments under these conditions,
we propose a variant of the classic Turing Test (/3), adapted to personnel hiring: a Labor
Market Turing Test (LMTT). The LMTT formalizes the comparison within and between human
and Al recruiters by asking whether and how Al and human sequences of referral choices can
be distinguished from one another at the individual level. Despite the distinct set of vacancy-

CV contrasts these individual recruiters are subject to, this method still allows us to assign a



scale/metric to the differences that may emerge. This test’s conceptualization is based on the
premise that while both humans and machines must navigate similar constraints, they likely
do so in distinctive manners: humans draw on tacit knowledge and socio-emotional reasoning,
while Al leverages structured data, information management capacity, and algorithmic rules.

We implemented the LMTT using binary choice tasks between synthetic candidates, build-
ing on the tradition of discrete choice experiments in economics (/4) and paired comparison
protocols from machine learning (/5). This binary format mirrors real-world short-listing de-
cisions, reduces complexity for human evaluators, and facilitates controlled comparison across
recruiter types. As described above, for each of 10 job openings, both human and Al recruiters
were presented with candidate pairs and asked to select exactly one as the most qualified for the
job (Figure SM7).

The binary structure of the screening tasks also aids the multidimensional contrast across
multiple recruiters we set out to develop here. We propose a model-based framework that
places all decision-makers—human or AI—on a common evaluative scale. Specifically, we
draw from a long tradition in psychometrics and use a two-parameter item response theory
(IRT) model (16, 17). IRT, also known as latent trait analysis, corresponds to a set of statistical
models that describe the relationship between an agent’s response to exam/questionnaire items
and an unobserved latent trait, such as proficiency in mathematics or prevalence of a socio-
emotional trait. These methods have also been used in the measurement of wealth/poverty and
physiological dysregulation (8, 19), for example. Here, we employ this framework by treating
a screening trial as an item in an exam, which allows us to infer each recruiter’s underlying
latent trait based on their pattern of responses to job-candidate comparisons, even when the full
sequence of candidates being evaluated by a given recruiter is different from the one evaluated
by the next.

More specifically, our IRT model assumes that there exists an unobservable latent (and con-



ceptual) trait, which we call machina, that cannot be directly measured, unlike observable char-
acteristics such as human cognition or ChatGPT’s token limit. However, within our framework,
machina can be indirectly assessed by comparing each recruiter’s referral choices to a reference
decision that represents the prototypical behavior of a representative Al agent. The choices of
the representative Al agent serve as a conceptual answer key, providing a benchmark for what
a perfectly machinelike response would entail—much like a mathematics exam’s answer key
represents the single correct solution. In what follows, we refer to this benchmarking recruiter
(or central planner) as Skynet, conceived to be representative of pure machinelike consensus
behavior which we fully describe in Section SMS5. It is crucial to distinguish between Skynet,
which serves as a benchmark for prototypical machinelike behavior reflecting inherent algorith-
mic priorities, and the concept of fairness in high-stakes decisions. This is because while Skynet
provides a measure of pure algorithmic consistency, it does not, by itself, represent a normative
ideal or an inherently fair outcome.

The IRT estimation procedure involves an expectation-maximization (EM) iterative algo-
rithm solution. Its implementation yields a score which represents the recruiter’s latent trait of
interest (machina). The higher the levels of this trait, the more likely a generic recruiter 7 is to
select the same candidate as the one chosen by Skynet in any given trial.

In addition to this full characterization of heterogeneity across recruiters in their propensity
to agree with the reference machine, this framework also allows for the identification of trials in
which the potential agreement between individual recruiters and Skynet is more or less common.
This heterogeneity across trials is captured by two meaningful parameters. The first parameter
we refer to as the “location” parameter. This is analogous to the “difficulty” parameter in IRT,
which measures at what level of proficiency test takers start having more than 50/50 chance to
get the right answer in a given question. Here, however, our location parameter places a given

trial on the machina trait continuum, indicating the trait level at which recruiter are equally



likely to agree or disagree with Skynet’s choice. High values of this parameter indicate that
only individuals with very high levels of machina would ultimately choose like Skynet when
confronted with such a trial. Therefore, our modeling exercise can reveal screening trials that
span a broad spectrum of predictability levels—some associated with high machina, others with
moderate machina, and some with low machina.

The second parameter captured by our technique is conceptually equivalent to the “discrim-
ination” parameter found in standard IRT analyses. However, to avoid conceptual confusion,
particularly given the original field experiment study’s focus on unequal treatment of disadvan-
taged populations in hiring, we refer to this as the “differentiation” parameter. This parameter
ultimately reflects how effectively a given item distinguishes between individuals at different
points on the machina continuum. In practice, it measures how much the agreement level
between a given recruiter and Skynet changes as we move along the machina trait spectrum.
Relatively higher differentiation values indicate that a trial is very sensitive to differences in the
machina trait across recruiters, and therefore better at differentiating the machinelike from the

non-machinelike behavior.
Empirical findings

We estimate our model using a Newton-Raphson numerical method and employ the binary
choices of each member of the team of 277 human recruiters and the aforementioned four

teams of Al recruiters (each also containing 277 members).

Machina trait

Our estimation of the machina latent trait provides a rich picture of variation across and within
teams of recruiters. To aid the interpretation of our findings, we rescale this parameter to be

centered around the average human and to be measured in standard deviations within the human



recruiter population. We depict the full set of results of our analysis in Figure 1. We find
that the average human recruiter is approximately 1.77 standard deviations less machinelike
than the average Robot participating in our experiment (p-value 0.000). The distances to the
average Avatar and the average Clone are smaller, 1.53 (p-value 0.000) and 0.80 (p-value 0.000),
respectively, but still sizable and statistically significant. The average human is also found to be
0.30 standard deviations closer to the Skynet benchmark choices than the average Randomista.
We conclude that while our impersonation and (more so) information restriction instructions
approximate the average Al and the average human along the machina trait, they do so in an
incomplete fashion.

We also detect sizable variation within groups, indicating important heterogeneity in the
pattern of referrals, particularly among human recruiters and Al recruiters subject to both im-
personation and information restrictions, as well as among Randomistas. To put these numbers
into perspective, we find that the standard deviation in machina among humans is equivalent to
approximately 57% of the difference in machina between the average human and the average
Robot. Moreover, this variability is equivalent (according to Levene’s test for homogeneity of
variances) to the variability seen among Randomistas and also among Clones, but not among
Avatars, indicating that the incomplete use of job-applicant information may be at the core of
the heterogeneity in the latent trait within these recruiter groups we study.

We formalize the contrast between these distributions by conducting Kolmogorov-Smirnov
tests, which confirm that no distribution of latent traits among Al recruiting teams is equivalent
to the one seen among human recruiters. In sum, as Al agents are endowed with more human-
like attributes, their decisions more closely resemble those of human recruiters. However, even
the most humanlike Al agents (Clones) produced decision distributions that differed signifi-
cantly from those of human recruiters. The choices made by the Randomistas—who selected

candidates at random—endorsed a distribution of machina that was closer to that seen amongst
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humans than those of any Al team. This is confirmed by a minimum squared-error fit analysis
used for the construction of a mixed distribution between Randomistas and Robots that best
approximates the human distribution of latent traits. This results in a best fit that weights by
0.891 the Randomistas density function and by 0.109 the Robots’.

Because the human recruiters respond to a battery of questions about their professional and
personal background, as well as structured modules that allow computation of socio-emotional
and cognitive skills, we can also assess the extent to which the estimated machina can be ex-
plained by these observed characteristics. Table SM4 presents the results of multivariate mean
and median regressions using 277 observations on human recruiters. There are a few human at-
tributes that happen to have a statistically significant relationship with machina, however. These
include age and holding a post-graduate degree, as well as neuroticism and self-esteem scores.
Age is negatively related to, while those with more educational credentials seem to score higher
on, the machina trait. Interestingly, the latent trait is also negatively related to neuroticism,
while positively related to self-esteem. Quantile regressions at the bottom and top third of the
distribution also reveal that the dispersion of the latent trait increases across these same four
dimensions, indicating an interesting pattern of heteroskedasticity in the machina trait among
human recruiters

Yet the bulk of the variation on the latent trait among human recruiters cannot be explained
by the covariates we observe (R-squared is 0.09 ). These are important indicators that machine-
like choices among human recruiters are poorly explained by a battery of covariates, indicating
that they intrinsically represent a novel behavioral dimension. We, therefore, believe that the
machina provides more than an analytical metric—it offers a lens through which to evaluate the
degree to which Al systems conform to rule-based decision norms versus humanlike heuristics.
As debates around explainable Al and algorithmic accountability evolve, carefully designed

latent traits models may inform both certification frameworks and governance protocols for
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high-stakes decision-making systems.

Trial-level contextual characterization

As discussed above, our IRT model also yields information on how each screening trial relates
the latent machina to the probability of selecting the same candidate as Skynet. This relationship
is best exemplified using item characteristic curves (ICCs), shown in Figure 2, for a subset of
trials that span different vacancies and identity theme combinations. In these curves, both the
“location” parameter and the “differentiation” parameter can be visually identified. The location
parameter represents the level of machina at which there is a 50/50 probability of matching
Skynet’s referral. For instance, in Panel A, we plot the relationship between the probability
of selecting the same candidate as Skynet in both the sales representative vacancy in which
no candidate identity theme was highlighted (placebo) and in the technical project manager
position in which sexual orientation was different between candidates. In this case, we see that
these trials have different location parameter levels. In particular, in the latter trial, the cutoff
for identifying recruiters (along the latent trait spectrum) who agree more than disagree with
Skynet is higher (i.e., the dotted curve crosses the 0.5 horizontal marker line to the right of the
solid one). Meanwhile, at the point these curves cross the horizontal marker they have close to
identical slopes, signifying identical differentiation parameters.

In Panel B of Figure 2, we compare a warehouse assistant vacancy with male and female
applicants (solid line) and an accountant vacancy with immigrant versus non-immigrant appli-
cants (dotted line). Both curves cross the 0.5 probability line at nearly the same point along the
machina trait, indicating similar location parameters: in these two trials majoritarian agreement
between Skynet and recruiters start to emerge at the same level of machina trait. However, their
differentiation parameters is distinct: the dotted curve is noticeably flatter, showing that agree-

ment with Skynet in the accountant trial is less sensitive to variation in the machina trait. This
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means the warehouse assistant vacancy more sharply splits recruiters into groups that either
more machinelike and those who are less machinelike, while the accountant vacancy produces
a fuzzier differentiation. Taken together with Panel A, these results show that trials differ in how
they expose contrasts between human and Al decision-making—either by shifting the threshold
for majoritarian agreement with Skynet (location) or by changing how sharply agreement varies
along the machina spectrum (differentiation).

Motivated by this descriptive evidence, we next use bi-variate ordinary least squares (OLS)
regression models to examine systematic relationships between these parameters and the char-
acteristics of the trials, distinguishing across applicant attributes (the randomized identity theme,
and personal characteristics), and vacancy requirements (see descriptives in Table SM3 and
specification details in Section SM7). Estimates of the OLS coefficients relating the location
and differentiation with vacancy requirements are presented in Figures 3 and 4, respectively.
Panel A in Figure 3 shows that vacancies requiring a college degree exhibit significantly higher
location values, meaning alignment with Skynet more restricted to recruiters in the upper part of
the machina distribution for those. The vertical lines place reference values for these parameters
using percentiles of the latent trait among human recruiters. Vacancies that require a college de-
gree, for example, see agreement with Skynet crosses the 50/50 benchmark at a level of the trait
that correspond to the first quartile of the human machina trait distribution. This is in contrast
with vacancies mot requiring college, with location parameters lower than the 10th percentile
of the same distribution. Panel B in 3 shows that more experience requirements also correspond
to higher location, but the differences are less pronounced than for the case of education.

Looking across vacancy types (which implicitly combine education and experience require-
ments) in panel C of Figure 3, we confirm the gradients across these two dimensions. Less
demanding jobs, such as Warehouse Assistant or Janitorial Assistant, exhibit lower location

estimates, meaning that even less machinelike recruiters tend to agree with Skynet. More de-
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manding positions, such as Technical Manager or Software Developer, have higher location
estimates, implying that only recruiters with higher values of the latent trait align with Skynet.

This contrasts follow a similar pattern for the case of differentiation parameters. Panel A in
Figure 4 shows that trials where the vacancy pertains to a college-required job display higher
sharpness in differentiating recruiters who align with Skynet from those who do not. When it
comes to differences in experience required, panel B of the same figure indicates a flatter slope,
suggesting less ability to differentiate agreement with Skynet. In Panel C, we also see that jobs
such as Call Center Operator and Maintenance Technician exhibit relatively low values, while
Accountant and System Engineer positions yield some of the steepest slopes, making of them
trials where the separation between more and less machine-like recruiters is particularly sharp.

In Figure 5, we plot the coefficient estimates of the indicated relationships. Starting with
identity contrasts (panels A and B), we find little systematic difference in location across
placebo, gender, sexual orientation, and immigration conditions. However, we can highlight
a tendency toward higher location parameters in immigrant and gender trials, implying that
more machine-like recruiters are required for agreement with Skynet. Along the differentiation
dimension, identity differences seem to matter more importantly: immigrant contrasts yield flat-
ter slopes, indicating weaker separation between recruiters by their latent trait, while the other
identity themes display more sensitivity to variation in machina.

Turning to experience gaps between applicants in panels C and D, those trials with small
differences in experience (up to two months) show almost no difference along the location pa-
rameter relative to those portraying more than three months of difference in experience. How-
ever, when we turn attention to the differentiation parameter, it becomes noticeable that larger
experience gaps are associated with more differentiation, sharpening the distinction between
recruiters who align with Skynet and those who do not. In the case of age differences, panels

E and F in Figure 5 show that those trials with candidates more than twelve months apart show
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higher location parameters, indicating that agreement with Skynet occurs only among more
machine-like recruiters in these comparisons. Heterogeneity in the differentiation values by age
differences is practically inexistent, suggesting that age-related contrasts create little distinction
between recruiters in their alignment with the latent machina trait.

Formal statistical tests of these differences, reported in Table SMS5, confirm the strong and
significant effect of education: college requirements consistently raise location parameters.
Larger age gaps between candidates also increase location estimates, with weaker evidence
of effects from identity contrasts. Stratified models show additional heterogeneity: among jobs
without a college requirement, both identity and age differences drive higher location values,
while in college-required jobs, wider experience gaps lower location values. Differentiation
patterns also vary: higher experience requirements reduce differentiation only in jobs without a
college requirement, whereas gender and experience gaps increase differentiation in jobs with a
college requirement. Among jobs not requiring college, only age differences appear positively

related to differentiation.

Discussion: Implications and extensions

Our analysis reveals a fundamental divergence between human and Al decision-making. Hu-
man recruiters are, on average, less systematic than their Al counterparts, and even the most
humanlike Al agents produce choices that remain distinct from human patterns. AI’s consis-
tency often increases its distance from human heuristics, while a random-choice baseline more
closely mirrors equitable outcomes when candidates are observationally equivalent. Beyond
these average differences, we find that human—Al alignment systematically varies with trial
characteristics. As shown in Figure 3, weaker contrasts between applicants, such as small age
or experience gaps, correspond to even less machinelike recruiters (around the 10th percentile

of the human distribution) to reach 50% agreement with Skynet. Sharper contrasts, such as age
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gaps above 12 months, raise this threshold toward the 25th percentile of the human distribution
of the machina trait. We also show a parallel pattern across vacancies: jobs with low education
and experience requirements exhibit low location values, meaning that even less machinelike
recruiters align with Skynet, while skilled vacancies require substantially higher levels of such
trait to achieve agreement between men and machine. Taken together, these findings strongly
suggest that divergence is not random: the context of the decision systematically shapes both
the threshold and the sharpness of human—AlI alignment.

Our paper’s methods and findings contribute to the broader (and more normative) Al re-
search agenda of constructing a machina economicus, synthetic rational agents capable of op-
erating effectively in multi-agent economic environments (20). Yet advancing that task raises a
central question: can such Al agents improve upon human decision-making? While our analysis
focuses on hiring, the implications extend far beyond this context. Similar challenges emerge
across a range of high-stakes domains where Al systems are increasingly being tasked with
replicating, pairing with, or replacing such homo economicus.

Human hiring referrals are often inconsistent and prone to bias, particularly when individ-
uals from marginalized groups are being evaluated, such as those defined by gender, immigra-
tion status, or sexual orientation, as shown in labor market discrimination studies (5—7, 21, 22).
These limitations can be understood through the lens of bounded rationality, where cognitive
constraints lead decision-makers to fail to optimize (23). Al systems, with their ability to pro-
cess large datasets, may move closer to the format of rational “boundlessness” (24); however,
they still face some constrained capacity concerning processing information, mainly due to fi-
nite computing power and incomplete or biased training data (25, 26).

Moreover, screening to inform about a candidate’s unobserved productivity requires in-
terpreting complex, multidimensional, and often noisy signals. Both humans and Al rely on

heuristics to navigate this uncertainty (27). As a result, the divergence in their decisions arises
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not only from differences in bounded rationality but also from how each processes incomplete
and imperfect indicators of human potential. Ultimately, both human and Al recruiters operate
under the dual constraints of cognitive limitations and informational gaps, underscoring the in-
herent complexity of hiring decisions. Resorting to Al to address these challenges may appear
promising, but doing so without fully understanding how algorithmic logic differs from human
reasoning risks introducing new distortions rather than resolving existing ones. Our work shows
that the differences are substantial and are also affected by context (even within a simplified,
yet realistic, candidate screening exercise).

If Al recruiters can deliver more consistent and impartial assessments, they hold the poten-
tial to reduce inequality and improve hiring efficiency. However, when Al systems are trained on
human decisions or designed to imitate human behavior (28, 29) or when they operate with lim-
ited information on productivity-relevant attributes, they risk replicating existing biases under
the appearance of objectivity. Moreover, algorithmic decisions may lack legitimacy if perceived
as detached from human values or fairness norms (30, 37), and human trust in Al varies due to
algorithm aversion or appreciation (32, 33). Understanding how Al converges with or diverges
from human behavior, particularly the making of choices in the presence of identity-based cues,
is thus essential for evaluating the former’s role in hiring. The observed differences in decision-
making between human and Al recruiters are particularly salient, given that our Al agents were
not trained on any human decision-making data. Their behavior, therefore, stems from their
underlying pretrained models and the specific prompts designed to imbue them with humanlike
traits or contextual information, rather than from the explicit learning of human biases or incon-
sistencies from an empirical dataset. In this sense, Al does not produce pure objectivity; rather,
it renders a more stable, rule-based intersubjective reality, one that mirrors societal preferences
rather than transcending them.

Our findings also suggest a core paradox in Al-driven recruitment: the more “Al-like” a re-
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cruiter becomes—exhibiting consistency, rule-based reasoning, and alignment with an idealized
benchmark like Skyner—the less human its decision-making appears. This divergence reduces
interpretability and relatability from a human perspective. Clones, designed to impersonate in-
dividual human recruiters, illustrate this tension: as Al agents become more humanlike, they
introduce greater variability, possibly undermining the consistency that makes algorithmic sys-
tems attractive in the first place.

Our Labor Market Turing Test (LMTT) and cognitive interviewing approach offer a gen-
eralizable framework for evaluating Al-human alignment with an eye to the ultimate purpose
of ensuring algorithms are consistent, fair, and trustworthy across fields. Importantly, our find-
ing that human recruiters more closely resemble Randomistas—agents who make selections
purely at random—underscores an important element regarding fairness. The design of our
experiment, according to which candidate pairs are observationally equivalent in terms of pro-
ductivity and related attributes, implies that a fair decision rule should assign equal probabilities
to each candidate’s being selected. In this context, the behavior of our Randomista agents, who
choose at random with a 50% probability, serves as a normative benchmark for fairness. Para-
doxically, what may appear as uninformed randomness represents a form of just behavior under
conditions of symmetry and informational equivalence.

This perspective enables us to reinterpret fairness not merely as the absence of bias, but as
the indistinguishability of selection outcomes across equivalent profiles. Interestingly, many
human recruiters exhibit behaviors closer to this probabilistic fairness—more so than some Al
agents optimized for consistency or efficiency— an algorithmic type of decision-making by Al
agents that tends to favor certain applicant markers (productive or not) systematically. This
framing invites the following reflection: in settings where no observable justification exists for

favoring one option over another, true fairness may lie in embracing a degree of randomness.
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Robots I

Avatars I
Clones I
Humans I
Randomistas I
-3 -2 -1 0 1 2 3

Machina (Z-score)

Mean SD Mean Variance ~ Kolmogorov—
difference equality Smirnov
test p-value test p-value  test p-value
Robots 1.77  0.76 0.000 0.000 0.000
Avatars 1.53 0.72 0.000 0.000 0.000
Clones 0.80 0.99 0.000 0.978 0.000
Humans 0.00 1.00 REF REF REF
Randomistas -0.30 0.98 0.000 0.950 0.005

Figure 1: Machina by type of recruiter— density functions, descriptive statistics, and basic
contrasts.
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Figure 2: Characterizing selected cases of screening trials—Trial/item characteristic
curves.
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1
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Location parameter

Cl 90 95 99

Figure 3: Location parameter estimates by vacancies’ education and experience require-
ments. Notes. Red vertical solid and dashed lines in Panels A, B, and C mark the 25th and
10th percentiles of the machina latent score among humans, respectively: Po; = —0.712,
Py = —1.259.
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Figure 4: Differentiation parameter estimates by vacancies’ education and experience re-
quirements
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Figure 5: Parameter estimates by identity themes and by age and experience gaps. Notes.
Red horizontal solid and dashed lines in Panels A, C, and E mark the 25th and 10th percentiles
of the machina latent score among humans respectively: Po; = —0.712, Pp = —1.259.
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Materials and Methods

SM1. Recruiting human recruiters

We hired experienced human resource recruiters (HRRs) from Quito’s labor market. The task
was presented to them as a genuine job-hiring exercise, ensuring their engagement and com-
mitment. The contact, follow-up, hiring, and payment of recruiters occurred in the second half
of 2020 via the operation of a reputable nongovernmental organization with expertise in job
search and training programs in Ecuador (Grupo FARO). The process for reaching human re-
sources personnel involved two sampling methodologies: (i) advertisement of a job opportunity
on LinkedIn and (i1) respondent-driven sampling (RDS) referrals or “Snowball” sampling (34).
LinkedIn respondents were motivated to participate after seeing targeted advertisements, while
the RDS approach began with a small group of initial participants (“seeds” from LinkedIn) who
were encouraged to refer others with similar profiles. Materials used on these approaches can be
seen in Figure SM 1. Using different recruitment strategies, the study aimed to capture a diverse
range of perspectives and ensure the representation of various segments of the labor market.
Recruiters were remunerated competitively (according to the rates of the local market) for their
time and expertise.

After manifesting interest, these recruiters were approached via email message (Figure
SM2). In this communication recruiters were informed of the two-step process involved in
the execution of their freelance task. First, they were asked to respond to a comprehensive
questionnaire used to create a detailed profile of their background, including demographic char-
acteristics, work experience, cognitive ability (Wonderlic test), personality traits (Big Five In-
ventory), and self-esteem (Rosenberg scale). Second, they were asked to take a test of their
basic knowledge of the Ecuadorian labor market. The Wonderlic test is a timed 12-minute as-

sessment widely used to evaluate problem-solving skills and general intelligence (35). The Big
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Five Inventory (BFI) assesses personality based on five key traits: openness, conscientiousness,
extraversion, agreeableness, and neuroticism (36), while the Rosenberg Self-Esteem Scale is a
commonly used 10-item tool that captures individuals’ overall perception of self-worth (37).
We reached 277 recruiters who completed all steps in the experiment.

Ultimately, direct outreach on LinkedIn accounted for 38% of the sample, while peer referral
through RDS provided the remaining 62%. Compared those data against national-level labor
force data from Ecuador’s household survey (ENEMDU, 2021-2023) we see that while not
representative, the sample displays meaningful demographic skews: participants were younger
on average (33.8 years vs. 37.7 years nationally), more likely to be female (71% vs. 58.3%),
and more likely to hold a college degree (93% vs. 80.3%). These differences likely stem from
recruitment channels, particularly LinkedIn, which tends to attract younger and more formally

educated professionals in the Ecuadorian labor market (6).

SM2. Experimental Vacancies

The vacancies in the experiment spanned various sectors with differing required specialization
and responsibilities: (1) Sales Representative, (2) Warehouse Assistant, (3) General Janitorial
Services Assistant, (4) Maintenance Technician, (5) Technical Project Manager, (6) Production
Supervisor (Manufacturing), (7) Software Developer, (8) Systems Engineer, (9) Certified Public

Accountant (CPA), and (10) Call Center Operator. Details of each are presented in Table SM1.

SM3. Experimental identity marker themes

Evaluations of employability were based on productivity markers provided on the web plat-
form. In some cases, the productive attributes were aligned with the identity marker. For
instance, the institution where education was acquired matched one’s country of origin. From

the randomization of identity markers, a total of four thematic categories were used, with some
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represented through multiple variations, resulting in 10 unique paired-CV versions: (1) Nonim-
migrant straight woman vs. nonimmigrant straight woman, (2) Nonimmigrant straight woman
vs. nonimmigrant straight man (3 versions), (3) Nonimmigrant gay man vs. nonimmigrant
straight man (2 versions), (4) Nonimmigrant lesbian vs. nonimmigrant straight woman, (5)
Immigrant straight man vs. nonimmigrant straight man, and (6) Immigrant straight woman vs.

nonimmigrant straight woman (2 versions).

SMA4. Al recruiter teams

To organize team of Al recruiters we used ChatGPT version 4o-mini with an IP address from

Ecuador.

Al Robots: A total of 277 Robots joined an Al team of recruiters that received minimal
instructions. Robots had autonomy in choosing the order in which the 10 vacancies and corre-
sponding applicants would be evaluated. Each of the robots assigned 10 trials could begin with

technology-oriented jobs, less specialized roles, or follow a random order.

Al Avatars: A total of 277 Avatars joined another team of Al recruiters. Each one of the
Avatars was explicitly instructed to impersonate a counterpart human recruiter in the experi-
mental data. Impersonation is suggested by simply communicating to the algorithm the mea-
sures contained in a vector of background characteristics. This included demographics, cogni-
tive ability scores (Wonderlic), personality trait scores (Big Five Inventory), self-esteem scores
(Rosenberg scale), prior professional experience, and knowledge of the local labor market. The
impersonation also included the method of recruitment (RDS or LinkedIn), understanding of the
original instructions included in email correspondence from the hiring process, and the HTML
content of the web platform used by human recruiters to conduct the evaluations.

While each Avatar was paired with a specific human recruiter and asked to contextualize its
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decisions based on detailed information about that individual, they were not instructed either on
how those characteristics should influence their choices or on how human recruiters reviewed
the job applications in the web platform. Avatars, just like all Al recruiters we created, were

untrained algorithms.

Al Clones: An additional team of 277 Clones was created, each designed to impersonate a
specific human recruiter (as an Avatar) but also follow the same observed interaction with the
platform during the evaluation task that its human counterpart followed. Unlike other synthetic
recruiters, Clones were constrained to (1) view only the information that their corresponding
human recruiter had elected to access when evaluating a given candidate pair. This restriction
reflects the platform’s tab-based interface, where human recruiters could choose which tabs to
open for each applicant. As a result, Clones were shown only the potentially reduced subset of
information actually viewed by their human counterpart. Furthermore, Clones were instructed
to mirror the exact sequence chosen by their counterpart human recruiter when evaluating the
job vacancies in their queue. This design ensured that Clones replicated both the content and
the path of decision-making observed in the human data, enabling a highly granular comparison

of selection behavior under identical conditions of exposure and sequence.

Randomistas: Our final group of 277 Al recruiters established a purely stochastic baseline.

Each Randomista selected a candidate at random in every trial to which they were exposed.

SM5. Central Planner AI—Skynet

Skynet is a unique Al recruiter designed as a baseline to benchmark other recruiting teams’
decisions. Programmed without contextual framing, Skynet is defined by the majority-choice
candidate from each pair of applicants reviewed by the Al entities we refer to as Robots. That

is, we define the selected candidate in each trial as the one Robots chose more than 50% of the

31



time after evaluating the applications. These choices play the role of reference for comparison
in what we examine below.

Skynet, therefore, was neither explicitly instructed to ignore identity-related information nor
optimized for fairness. Rather, it reflects how a general-purpose Al system behaves when mak-
ing referral decisions based solely on prompts that prioritize candidate suitability without any
additional targeted constraints or training. Although identity markers were not emphasized in
its instructions, Skynet may still attend to them implicitly if its underlying training data encoded

patterns linking identity to job performance or selection.

SM6. Item Response Theory formulation

Schematically, and without loss of generality, we characterize our model by letting (¢; > ¢5) ]S
denote Skynet’s choosing candidate c¢; over ¢, in trial j. Then, for recruiter ¢, the probability of
matching Skynet preferred pick is modeled as

1

Pri(c1 > @)} = (c1 > )] = T+ expl—a, (= B} (1)
i\Hi = j

where pi; represents the recruiter’s latent trait of interest (machina). The higher the levels of this

trait, the more likely recruiter ¢ is to select the same candidate as the one chosen by Skynet in
any given trial.

In addition to the heterogeneity across individuals in their propensity to agree with the ref-
erence machine, this framework also allows for the identification of trials in which the potential
agreement between individual recruiters and Skynet is more or less common. This heterogeneity
across trials is captured by two meaningful parameters. The first we refer to as the “location”
parameter (3;), which serves to locate a given trial along our machina trait continuum, indi-
cating the trait level at which recruiters are equally likely to choose or not to choose Skynet’s

preferred candidate. In other words, the location parameter tells us how much of machina a re-
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cruiter needs to have a 50/50 shot at choosing like Skynet. High values of this parameter indicate
that only individuals with very high levels of machina would ultimately chose like Skynet in that
trial. Therefore, our modeling exercise can reveal screening trials that span a broad spectrum of
disagreement levels, some associated with high machina, others with moderate machina, and
some with low machina.

The second parameter characterizing every trial is referred to as a “differentiation” param-
eter (c;), which reflects how effectively the item distinguishes between individuals at different
points on the machina continuum around the level that is defined by the “location” parame-
ter above. Relatively higher differentiation values indicate that a trial is very sensitive to dif-
ferences in machina trait, and therefore better distinguishes between the machinelike and the

nonmachinelike recruiters.

SM7. Regression Specifications for Figures 3, SM8, and SM9

In this section, we describe the models that we employed to estimate the regression coefficients

for the location and differentiation parameters presented in Figures 3, SM8, and SMO.

Rescaling the machina scores. The raw machina scores are not automatically comparable
across humans and Al. To make the estimates interpretable in relation to human recruiters,
we rescaled the scores so that they are expressed in the same units as the human distribution.
Specifically, we take each recruiter’s latent machina score yi;, subtract from it the mean of the
human distribution 6},,,,.,, and then divide the result by the human standard deviation o man-
The rescaled score therefore, indicates how far a recruiter lies above or below the human average
in standardized units. A value of zero corresponds to the mean human recruiter, positive values
indicate recruiters who are more machine-like than the average human (measured in human-

standard deviations), and negative values correspond to recruiters who are less machine-like
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than the average. Formally, the rescaling is given by:

. Hi — ehuman
Zmachina; = —,

O human

Rescaling the location and differentiation parameters. Because the latent machina score
was standardized relative to the human distribution, we also re-scaled the trial-level parameters
for consistency. This adjustment ensures that both the location and differentiation parameters
are expressed in the same standardized metric, making them directly comparable to the rescaled

machina score. For each trial j, the parameters were redefined as:

-y
LOCj = M, lefj = Oy X Ohuman

O human

where (3; is the original (unscaled) location parameter and «; the original (unscaled) differen-
tiation parameter. The transformed parameters (Loc; and Dif f;) are then used as dependent
variables in the regressions. Each regression is estimated over 100 unique trials, with each trial

corresponding to a pair of candidate/job vacancy CVs.

Figure 3. Figure 3 examines how identity themes (Panels A-B) and applicant characteris-
tics—work experience gaps (Panels C—D) and age gaps (Panels E-F)—explain variation in the
rescaled location (Loc;) and differentiation (Dif f;) parameters. Each diamond shows a coef-
ficient estimate from an OLS regression, with either Loc; or Dif f; as the dependent variable.
The regressions are estimated over 100 trials, where each trial corresponds to a unique pair of
candidate CVs evaluated for a given job vacancy. This design fixes the unit of analysis at the
trial level, ensuring that variation in the coefficients reflects systematic differences in applicant
characteristics rather than repeated recruiter choices. We estimate a family of OLS regressions

without intercepts of the form:

R .
Ypj = ijﬁp + Epjs
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where y,; € {Loc;, Dif f;} is the dependent variable for trial j in panel p (here panel refers
to panels A-F in Figure 3); x,; is a vector of trial-level indicators (dummies) in an OLS model
excluding the constant; and N = 100 denotes the number of trials (each trial corresponds to a
unique pair of candidate CVs for a given vacancy). The coefficients 3, are interpreted as the
mean value of Loc; or Dif f; associated with the indicators that denote each category, expressed
in human-standardized units.

The content of x,; varies by panel:
* Panels A-B (Identity themes). x,,; = djlde"my = [Gender;, Placeboj, Sexorient;, Immigrant; "

* Panels C-D (Experience gaps). x,,; = djE G _ [ BepDif f 3mo;, ExpDif fUpTo2mo;, 1"
Where ExpDif f3mo; is an indicator for whether the difference in experience between
the two candidates is 3 or more months, and ExpD:i f fUpT02mo; being an indicator for

whether the difference in experience between the two candidates is up to two months.

* Panels E-F (Age gaps). x,,; = dJAgeGa” = [AgeDif fUpTobmo,, AgeDif f6T012;, AgeDif f12mo, "
Where AgeDif fUpTobmo;, AgeDif f6T012;, and AgeDif f12mo; are indicators for
whether the difference in ages between the two candidates is up to six, between 6 and 12,

or more than 12 months, respectively.

Accordingly, Panels A, C, and E report regressions with y,; = Loc;, while Panels B, D, and

F report regressions with y,,; = Dif f;.

Figures SM8 and SM9. Figures SM8 and SM9 examine how vacancy characteristics—education
requirements (Panel A), experience requirements (Panel B), and job vacancy type (Panel C)—explain
variation in the rescaled parameters. Figure SM8 reports results for the location parameter
(Loc;), while Figure SM9 reports results for the differentiation parameter (Dif f;). Each dia-

mond shows a coefficient estimate from an OLS regression with either Loc; or Dif f; as the
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dependent variable. The regressions are estimated over 100 trials, where each trial corresponds
to a unique pair of candidate CVs evaluated for a given job vacancy. Defining the trial as the
unit of analysis ensures that the estimated coefficients capture systematic variation across va-
cancies rather than recruiter-specific effects. We estimate another family of OLS regressions of

the form:

Ypj = X;jﬂp + Epjs
where y,; € {Loc;, Dif f;} is the dependent variable for trial j in panel p (here panel refers
to panels A—C in Figures SM8 and SM9); x,,; is a vector of trial-level indicators (dummies);
and V = 100 denotes the number of trials (each trial corresponds to a unique pair of candidate
CVs for a given vacancy). The coefficients 3, are interpreted as the mean value Loc; or Dif f;
associated with the indicators that denote each category, expressed in human-standardized units.

The content of x,,; varies by panel:

* Panel A (Education requirements). x,,; = djEd”Req = [CollegeReq;, NoCollegeReq; 1"

* Panel B (Experience requirements). x,,; = djE wpReq _ |

* Panel C (Job Vacancy Type). x,,; = djvac‘mcy = [TechManager;, SoftwareDev., ...

36

Lower ExpReq;, Higher ExpReq;

"

]T



SM Figures

37



— vee

Analista de Recursos Humanos/Reclutador
ANOVA Policy Research - Quito Canton, Pichincha, Ecuador (Remote) 2 weeks ago - Over 200 applicants

i Temporary

1-10 employees

:: 5 connections - 1 school alumni

@ Actively recruiting

[ Easy Apply Save

About the job

Para una empresa consultora intemacional, estamos en la basqueda de analistas de recursos humanos y/o
reclutadores de talento con experiencia trabajando en el mercado laboral de Quito, para trabajar en el proceso de
seleccion, reclutamiento y analisis de remuneracion de persanal

Requisitos:

Graduada/a en carreras de Recursos Humanas, Relaciones Laborales, Administracisn, Psicologia, Sociologia o afines

2 aftos de experiendia (minimo) trabajando en el area de recursos humanos en el Area Metropolitana de Quito
(preferible)

Conocimiento sobre la legislacion laboral ecuatoriana.
Qué haras?

La tarea consiste en analizar perfiles de candidatos/as para distintas posicicnes y hacer una recomendacién de
confratacion y salarios. Los perfiles han sido previamente pre-seleccionados y seran provistos por la empresa

La dedicacibn maxima para esta tarea es de 3 horas. La tarea puede realizarse en cualquier horario y de manera
remota dentro del plazo disponible.

La tarea serd realizada por una Gnica vez, no requiere dedicacion exclusiva

Se ofrece un reconocimiento econdmico atractivo dada la carga de trabajo requerida.

:Q': See recent hiring trends for ANOVA Policy Research. Try Premium for free

About the job

We are looking for Human Resources analysts andfor HR recruiters with experience in the
Quito labor market, to work in a selection and hiring process and salary analysis for an
international consultancy.

Requirements

Bachelor's degree in Human Specialist, Admil ion, Psychology, Sociology, or
other related fields.

At least 2 years of experience working in human resources in the Metropolitan area of
Quito.

Knowledge of Ecuaderian legislation.

What you will do?

The task consists in analyzing candidates' profiles for distinct vacancies and making a hiring
and salary recommendation. The profiles were pre-selected and will be provided by the

company.

The task will take 3 hours maximum. The task can be performed at any time and remotely
within the established deadline.

The task will be performed on a one-time basis and does not require exclusive dedication.

Attractive financial recognition is offered given the workload reguired.

Figure SM1: Advertisement for human resources recruiters
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Recibe un cordial saludo,

Te saludamos & nombie de ANOVA y FARD, g 1 §0 & una emy
mm“mm.MMMNMMywmhm
personal. Por esta razon, en le bisqueda de de vio
rﬂltummmunupﬂhmmumm:mmmeunli
P do y andlisis do romunoracidn do porsonal.

Queremos agradecerte por tu nterés para particper como Analista do Recursos Humanos.
Nos inlerasa tu perfil y 18 hamos. pate an esle [ da
SOI0CCION.

Este trabajo tiene 2 etapas La primera consisie en completar tu regisiro y una segunda que
o5 revisar los perfiles preselecoonados.

Completar toco esta proceso tomara menos de J horas.

Faso 1:

£ @sa pnmera fase vamos a peaite que c un de general
sobre fi y fu i Tep I tar 3 progunt: ifi
mednmmﬂmm!?leﬂ%qmmmmnmmlanm

Completa tu registro durante las 72 horas siguentes a recibr esle cormeo, debido a que
wego de ello caducard el ink. Este es el enlace de regisio:

k il 0

Fase 2 selecoin de perfiks

We send you our warmest greetings,

We greet you on behalf of ANOVA and FARO, who are supporting en international compeny thet
Is about to open Its activities in Ecuador and Is looking for personnel. For this reason, we are
looking for human resources analysts and/or talent recruiters with experience in the lbbor market
of Quito to work in the process of selection, recruitment and analysis of remuneration of
personnel.

We would like to thank you for your interest in participating as a Human R Analyst. We
are interested in your profile and we have pre-selected you te support us in this selection
process.

This job has 2 stages. The firstist your regh
pre-selected profiles.

Thizs whole procec will take less than 1 hours o complets.

end the second Is to review the

Phase 1: getting to know our recruters

In this first phase we will ask you ral

and your experi We will additi uk uto lete 3 spedfic questi
Er.uldotlmllbunmhumlzmllulmllolwmmwwhmwuhﬂu.

Please complete your registration within 72 hours of receiving this email, becouse after that the
Nk will expire. This Is the registration link:

about yourself
about the

[ e A PR

Phase 2: profile selection

Una vez b ol registro, &s un enlace a lu cormeo que te llevard a la plataf — totmed p .

mumummmm En ol cofreo ostaran las Crce the o i dmm“"“f""";:mﬁ;m!:::hmwﬂ
e con el h e AYOQUe G rructions the selection process. Please check nk mail, H.n-nul rrive

al coneo podiia begar ahl theme tostart process. Please your junk mail, as may a

?m Te o esta - -m dos de “T‘“‘m Esham;ul We ask you to analyze the pre-selected profiles of candidetes for various positions (10). We

f‘l} ’ g yse ﬂl’l’mp::m . remind you that this is a one-time activity. This activity does not require sxclusive dedicarion and

El raconocimianto économiIco por realizar la tarea sera de 30 USD que s6 realizara a traves
de una - Una vez Ia torea, akados de Faro s&
contactadn conligo para bevar a cabo el pago comespondenta

Agradecemos tu inferds para colaborar con nosotros en este proceso de bisqueda de
partiles adecuados

Cualbqui fud o no dudes an escribimas

ANOVA y FARD

will be performed remotedy.

The economic recognition for performing the task will be 30 USD that will be made through a

bank transfer. Once the task is completed, our Faro p 7l contact you to make the
corTesponding payment.

We your interest in collaborating with us in this process of searching for suitable
profiles.

If you have any questions or comments, pease do not hesitate 10 contact us.
Yours sincerely,
ANOVA and FARD

Figure SM2: Communication with human resources recruiters
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Juliana Orbe Diana Mendoza

Calle, S54D. Guamani Street, 54D, Guamani Guachapala 386. Chilibulo Guachapala 386, Chilibulo
Teléfono: 0964564550 Phone number: 0964564560 Teléfono: 0985672341 Phone number: 0985672341
emal: orbedavid@oulook.es  Email: orbedavid @outlook.es Email: émenco1994@gmailcom  Email: dmendo1994@gmail.com
Informacion Personal Personal information ° Informacidn Personal Personal information

Formacién Education ° Formacion Education

Experiencia Laboral Work experience ° Expariencia L aboral Work experience

Informacion Adiciona Additional information -] Informacion Adiciona Additional information

Figure SM3: Task-management platform interface—Display example
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Seleccion definitiva para el cargo

iCual es su candidato principal para ocupar esta vacante?

Juliana Orbe Diana Mendora

En una escala del 1 al 10 como considera que cada candidato se adecua a

los requerimientos del empleo
Juliana Orbe Diana Mendoza
Selecoo V¥ Selecom Vv

iCudl es ol salaro mensual que le asignaria al candidato seleccionado de
acuerdo a su perfil?

ot o salarnc on dolares, FEATHETCHE, SN STk

¢Cudl es el salano mensual que le asignaria al otro candidato de acuerdo a
su perfil?

e ol sals en dolares s FeETHTOS. tn gl

Por favor comente en qué criterio ha basado su seleccion

P

Figure SM4: Final candidate selection interface—Display example
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| Pairs of Candidates | X | Jobs | Unique Hiring Trials

PR . - M
Description Pair Number Description Job Number @"mﬂ P1-11
@' Man vs. Woman P1 ‘?‘E Accountant n gl?’_&\.ﬁ P1:_J10
9f Man vs. Woman P2 & Call Center Operator 12 g)" P2_—J1
- . N :
9f Man vs. Woman P3 = general)anltonalSerV|ces 13 gﬂ:,-\:i P2-J10
anager :
Ecuadorian vs. Venezuelan . f}]ﬂ? G M qf ‘?ﬁ P3-J1
) Migrant (Male) :§:| Grocery Manager J4 o :
8 Maintenance Technician 15 ik diz  P4-11
,‘X Ecuadorian vs. Venezuelan P5 :
Migrant (Female) Production Supervisor ;k ‘?.g P5-J1 100 Uni
(Manufacturing) 16 : L 10D Unaue
# Ecuadorian vs. Venezuelan PG kR ® P6. " hiring trials
) Migrant (Female) Sales Manager 17 iz :
mmm Straightmanvs. Gay P7 Software Developer J8 mmdli P70
mmm Straight manvs. Gay P8 s Systems Engineer 19 _‘?]ﬁ P8-J1
— 1 i ,(‘)\ . . — S
mmm Straightwoman vs. Lesbian P9 7 &% Technical Project Manager  J10 -.?ﬁ P9-11
—
@@ Woman vs. Woman P10 ail P10-1
— O\ :
mmm 2% P10-J10

Figure SMS5: Hiring trials
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Read and interpret the HTML program of the web page to evaluate
candidates

Select Jobs sequantially from a list of vacancies

For each selected job, read and interpret the information about the
candidates.

Make a candidate referral

Avatar As humans did, Al were asked to read and interpret * Read and interpret the HTML program of the web page to evaluate
1. The LinkedIn post or RDS email sent candidates
2. Thejob instructions sent by email + Select Jobs sequantially from a list of vacancies
3. The HTML program of the registration page + Foreach selected job, read and interpret the information about the
4. Therecruiters’ characteristics candidates.
Then, they were asked to impersonate the recruiters’ characteristics * Make a candidate referral
Clone As humans did, Al were asked to read and interpret * Read and interpret the HTML program of the web page to evaluate
1. The LinkedIn post or RDS email sent candidates
2. Thejob instructions sent by email + Selectjobs in the same order as human recruiters did.
3. The HTML program of the registration page + Foreach selected job, read and interpret only the candidate
4. Therecruiters’ characteristics information viewed by human recruiters.
Then, they were asked to impersonate the recruiters’ characteristics * Make a candidate referral
Human +  Contacted via LinkedIn or RDS. + Read Instructions of the selection page.

Cognitive
Interviewing
(Prompt
Examples)

*  Readand accepted the job offer.
*  Accessed the registration page.
+  Completed a questionnaire with personal and profile information.

*  Analyze all of the recruiter’s characteristics and identify how they reflect their

experience, skills, personality, and technical knowledge.

+  Summarize how these characteristics might influence their ability to select candidates.
+  Describe the recruiter’s selection style based on their full profile (e.g., focused on

technical experience, interpersonal skills, or a balance of both).

. Based on the recruiter’s characteristics you previously discussed and the aspects of the
email you identified at the beginning of the process, you will now assume their role.

Select Jobs sequantially from a list of vacancies.

For each selected job, read and interpret the information about the
candidates.

Make a candidate referral.

Describe what type of information you believe you need to analyze
in order to make decisions at this stage.

Explain your main task when analyzing vacancies and candidates,
outline the specific steps you will follow, and mention any
additional criteria or information that will help you make
decisions.

Summarize key traits of each candidate, compare strengths and
weaknesses, identify decisive factors, select the best fit, and
briefly justify your choice based on the recruiter, the vacancy, and
the candidates

Figure SM6: Human and Al recruiter teams
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Figure SM7: Unfolding of the experiment:
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Table SM1: Full vacancy descriptions used in the screening experiment

Job Opening

Sales Representative

Janitorial ~ Services
Assistant
Warehouse Assistant

Certified Public Ac-
countant (CPA)

Software Developer

Systems Engineer

Technical  Project
Manager
Call Center Operator

Production Supervi-
sor (Manufacturing)

Maintenance Tech-
nician

General Objective

Experienced commercial
professional to support the
company’s expansion in the
Ecuadorian market.
Responsible for cleaning of-
fices and common areas.

Manage procurement, stor-
age, and delivery of materials
and goods.

Finance and accounting pro-
fessional for company opera-
tions.

Collaborate with the IT team
to develop solutions for inter-
nal requirements.

IT professional for back-
end/frontend control.

Lead the technical team in na-
tionwide operations.

Handle phone-based client
management and campaigns.

Oversee production schedul-
ing and supervision.

Perform preventive and cor-
rective maintenance.

Key Responsibilities

Commercial advising, client
prospecting, visits, follow-
ups, sales closing, and collec-
tions.

Cleaning of offices, re-
strooms,  storage  areas;
sanitization.

Update materials list, handle
quotes, verify deliveries.

Client service, tax filings, au-
dits, financial statements.

Validate requirements, design
solutions, develop software.

AWS implementation, func-
tional programming, data in-
frastructure.

Indicator control, second-
level tech support, process
improvement.

Client interaction, campaign
handling, follow-up.

Production planning, person-
nel supervision, process con-
trol.

Electrical/mechanical review,
calibration, system improve-
ments.
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Technical Skills Re-
quired

CRM, computing,
databases, office, sales,
customer service.

Cleaning supplies and
equipment.

Office, inventory han-
dling, email.

SIAP, Excel, and ac-
counting platforms.

Java, .NET, databases,
SAP, web development.

REST, SCRUM,
HTML, Node]S,
microcontroller  pro-
gramming.

CISCO  certification,
networks, tech support.

Communication, multi-
tasking, sales, portfolio
management.
AutoCAD, welding, in-
dustrial processes.

PLC,  programming,
electrical control.

Educational Requirements

University degree in business
or management. 3 years of
experience.

High school. Experience de-
sirable.

Technical degree in ware-
house management. 2 years
of experience.

Degree in accounting or re-
lated fields. 3 years of expe-
rience.

Degree in software or systems
engineering. 2 years of expe-
rience.

Degree in systems or com-
puter science. 4 years of ex-
perience.

Degree in telecommunica-
tions. 4 years of experience,
2 in management.

Technical degree in adminis-
tration. 2 years of experience.

Degree in industrial or me-
chanical engineering. 2 years
of experience.

Technical or engineering de-
gree in mechanics, electricity,
electronics. 3 years preferred.

Company

Food Industry

Construction

Food Industry

Accounting

Firm

Technology

Technology

Technology

Services

Engineering

Engineering

Location

Quito

Quito

Quito

Quito

Quito

Quito

Quito

Quito

Quito

Quito



Table SM2: Human recruiters—descriptive statistics

mean sd skewness p25 pS0  p75
Demographics and Education
Recruited via LinkedIn (=1) 036 048 0.56 0.00 0.00 1.00
Male (=1) 0.29 0.46 0.91 0.00 0.00 1.00
Age (years) 33.80 7.20 1.47 29.00 31.00 37.00
Medium-high SES (=1) 0.10 0.31 2.58 0.00 0.00 0.00
High-SES (=1) 0.07 0.26 3.31 0.00 0.00 0.00
Postgraduate degree (=1) 0.20 0.40 1.51 0.00 0.00 0.00
College degree (=1) 0.73 0.45 -1.03 0.00 1.00 1.00
HR-related major/degree (=1) 0.78 0.41 -1.38 1.00  1.00 1.00
Work experience
Currently employed (=1) 0.61 0.49 -0.47 0.00 1.00 1.00
HR-related current/last job (=1) 091 0.29 -2.79 1.00 1.00 1.00
HR experience abroad (=1) 0.13 0.34 2.15 0.00 0.00 0.00
High knowledge of Ecuadorian market (=1) 0.86 0.35 -2.07 1.00 1.00 1.00
Socio-emotional and Cognitive Scores
Neuroticism (0-48) 30.71 3.55 -0.11 28.00 31.00 33.00
Extroversion (0-48) 3234 3.75 -0.12 30.00 32.00 35.00
Openness (0-48) 29.04 3.74 -0.12 26.00 29.00 32.00
Agreeableness (0-48) 31.76 3.89 0.01 29.00 32.00 34.00
Conscientiousness (0-48) 30.18 3.79 0.22 28.00 30.00 33.00
Rosenberg Self-esteem (10-40) 34.19 5.79 -1.52 32.00 36.00 38.00
Wonderlic Cognitive test (1-46) 16.75 4.49 -0.01 13.00 17.00 20.00
Observations 277
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Table SM3: Trials—descriptive statistics

Mean

Education and Experience Requirements
No College Required 0.40
College Required 0.60
Low Experience Required 0.10

Med-Low Experience Required  0.40
Med-High Experience Required  0.30

High Experience Required 0.20
Theme
Theme: Placebo 0.10
Theme: Gender 0.30
Theme: Sexual orientation 0.30
Theme: Immigration 0.30
CV’s Age & Experience gap
Diff. Age up to 6 months 0.32
Diff. Age 6-12 months 0.24
Diff. Age 12+ months 0.44
Diff. Exp. up to 2 months 0.66
Diff. Exp. 3+ months 0.34
Observations 100
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Table SM4: Machina trait versus covariates—OLS and Quantile Regressions

OLS Regression Quantile Median Bottom Third Top Third

Demographics and Education

Male (=1) -0.044 0.029 -0.013 -0.131
(0.747) (0.817) (0.923) (0.380)
Age (years) -0.015 -0.025** -0.029*** -0.008
(0.175) (0.010) (<0.001) (0.559)
Postgraduate degree (=1) 0.369 0.524* 0.687*** 0.437*
(0.124) (0.050) (0.010) (0.067)
College degree (=1) 0.000 -0.024 -0.015 0.115
(0.999) (0.921) (0.942) (0.548)
HR-related major (=1) 0.062 0.111 0.014 0.214
(0.715) (0.492) (0.937) (0.255)
Work experience
Currently employed (=1) 0.027 0.000 0.064 -0.173
(0.833) (0.998) (0.638) (0.284)
HR-related current/last job (=1) -0.193 -0.340 -0.417 -0.258
(0.392) (0.115) (0.129) (0.379)
HR experience abroad (=1) -0.003 0.057 -0.037 0.057
(0.987) (0.805) (0.868) (0.764)
High knowledge of Ecuadorian market (=1) -0.011 -0.095 -0.110 -0.017
(0.947) (0.638) (0.490) (0.867)
Socio-emotional and Cognitive Scores
Neuroticism (z-score) -0.150* -0.238*** -0.031 -0.193*
(0.054) (0.003) (0.726) (0.083)
Extroversion (z-score) 0.029 0.102 0.025 0.094
(0.744) (0.266) (0.779) (0.315)
Openness (z-score) -0.056 -0.001 -0.060 0.008
(0.447) (0.988) (0.452) (0.915)
Agreeableness (z-score) 0.051 0.014 0.008 -0.015
(0.585) (0.876) (0.925) (0.874)
Conscientiousness (z-score) -0.038 -0.014 -0.039 -0.126
(0.642) (0.855) (0.652) (0.165)
Self-esteem (z-score) 0.138** 0.205** 0.136™** 0.238**
(0.028) (<0.001) (0.009) (0.010)
Cognitive test (z-score) 0.008 0.061 0.051 0.044
(0.902) (0.394) (0.385) (0.556)
Observations 277 277 277 277
R? 0.087
Pseudo-R? 0.095 0.098 0.074

Note: p-values in parentheses. All models include fixed effects for sector of professional experi-
ence. Observations are weighted by the precision of the latent trait estimated for each recruiter. *
p < 0.1, ¥ p < 0.05, *** p < 0.01.
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Table SM5: Parameters by education and experience requirements—All models

Location parameter

Differentiation parameter

&) @) 3 “ (&) (©) O] (®) (&) 10
Education and Experience Requirements
No College Required REF REF REF REF
College Required 0.670** 0.697* 0.217** 0.219**
(0.048) (0.063) (0.000) (0.000)
Lower Experience Required REF REF REF REF REF REF REF
Higher Experience Required -0.058 0.180  -0.096  -0.053 -0.042 -0.040  -0.271"* -0.022
(0.824) (0.557) (0.868) (0.870)  (0.340) (0.384)  (0.003) (0.758)
Theme
Theme: Placebo REF REF REF REF REF REF REF REF
Theme: Gender 0.337  0.444* 2337  0.176 0.048  0.041 0.134* -0.056
(0.249) (0.062) (0.024) (0.418) (0.580) (0.606)  (0.094) (0.660)
Theme: Immigration 0406  0.557  4.099** -0.047 -0.147*  -0.126  -0.096 -0.179
(0.259) (0.101) (0.002)  (0.871) (0.077) (0.102)  (0.225) (0.152)
Theme: Sexual orientation -0.063  0.034 1.632*  -0.125 0.030  0.026 0.113 -0.051
(0.825) (0.880) (0.098) (0.539) (0.721) (0.742)  (0.111) (0.688)
CV’s Age & Experience gap
Diff. Age up to 6 months REF REF REF REF REF REF REF REF
Diff. Age 6-12 months 0.087  0.532** 2.256*  0.573* -0.100  0.035 -0.119 0.302**
(0.720) (0.036) (0.091)  (0.023) (0.125) (0.620)  (0.125) (0.014)
Diff. Age 12+ months 0.527* 0.707** 2.849**  0.498 -0.073  -0.018  0.064 0.003
(0.031) (0.016) (0.010) (0.105) (0.204) (0.741)  (0.492) (0.964)
Diff. Exp. up to 2 months REF REF REF REF REF REF REF REF
Diff. Exp. 3+ months 0.136  -0.018 0.951 -0.460** 0.115 0.058 0.236™*  -0.047
(0.534) (0.943) (0.155) (0.030) (0.021) (0.252)  (0.000) (0.470)
Observations 100 100 100 40 60 100 100 100 40 60
R? 0.061 0.073  0.151 0.349 0.177 0.160 0.149 0.276 0.531 0.163

Note: p-values in parentheses. Equations (4) and (9) are estimated on the subset of trials with no college
requirement, while equations (5) and (10) are estimated on the subset of trials with a college requirement. ~ *

p < 0.1, ** p < 0.05, #* p < 0.01.
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