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Abstract

This study examines gender bias at the job-offer stage, focusing on how the gender of hiring

managers shapes recruitment decisions across a wide range of occupations with varying skill

requirements. We develop a conceptual model of job-offer selection that allows managerial pref-

erences and beliefs to vary by applicant gender and position skill level, and use it to characterize

potential sources of bias. We estimate the model using proprietary data on over 30,000 job

applications submitted between 2015 and 2018 of a large retail chain. Our identification strat-

egy leverages the quasi-random assignment of applicants to male and female managers and the

unique institutional setting where managers and applicants never interact directly throughout

the selection process. We find no evidence of gender bias among female managers. In contrast,

male managers are 12 percentage points more likely to extend offers to male applicants than

female applicants in high-skill positions, while displaying no significant bias in low-skill roles.

These results identify the gender of the hiring evaluator as a critical driver of the persistent

under-representation of women in high-skill occupations. Furthermore, we present evidence

that these findings are consistent with statistical discrimination driven by gender-skill stereo-

types, as the hiring penalty for women is concentrated in regions with more traditional cultural

norms.

∗We thank conference participants at Queen’s University for helpful suggestions.
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1 Introduction

Persistent gender disparities characterize labor markets worldwide. Women participate in the labor

force at substantially lower rates than men, 47% globally compared to 72% for men (Sayeh et al.,

2023), and are markedly underrepresented in high-skill occupations, comprising only 28.2% of the

STEM workforce (Friedmann and Efrat-Treister, 2023). These gaps emerge at the initial margin of

labor market entry. Research indicates that 15% of women, compared to 10.5% of men, encounter

recruitment biases and occupational segregation at this stage, making the hiring decision a key

margin at which gender inequality arises and persists (International Labour Organization, 2023).1

Despite this evidence, little is known about the mechanisms through which gender disparities

aggregate into disparate job-offer outcomes. Prior studies have documented gender bias in early

employment stages, but remain confined to idiosyncratic contexts or specific occupations. For

example, Goldin and Rouse (2000) show that blind auditions in orchestras significantly improve

female musicians’ hiring prospects. While this seminal work provides a proof-of-concept for gender-

blind screening, the results from this unique setting may not generalize to representative labor

markets. More recent evidence from online gig platforms further documents gender differences

in employer contact rates, reflecting occupational sorting and gender-typed role preferences(Chan

and Wang, 2018; Hangartner et al., 2021). Complementary audit and correspondence experiments,

which vary candidate’s gender across otherwise identical fictitious applications, find that evaluators

often rate female candidates less favorably at the screening stage, although the magnitude and

direction of this effect depend on the context and the type of job (Ashnai et al., 2020; Campero

and Fernandez, 2019; Friedmann and Efrat-Treister, 2023; Ruffle and Shtudiner, 2015).

Empirically identifying the sources of gender bias at the job-offer stage remains a central chal-

lenge, as offer outcomes typically depend on subjective assessments of candidate ability and inter-

personal interactions, both of which are endogenous to the decision. Crucially, the gender of the

decision-maker is likely pivotal in shaping these interactions, both independently and relative to

1The 25-percentage-point gap in global labor force participation (LFP) reflects both voluntary non-participation and
involuntary exclusion. To isolate the involuntary component, International Labour Organization (2023) utilizes the
“Jobs Gap” metric, which captures individuals who are available for work but face binding structural constraints.
The fact that this unmet desire to work is significantly higher for women than for men suggests that the observed
LFP gap is driven by systemic frictions rather than differential preferences for home production.
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candidate’s gender. Yet, prior research has abstracted from the gender of the decision-maker, re-

flecting both data constraints and the inherent difficulty of isolating manager-specific effects. This

omission is notable given evidence of systematic gender differences in managerial preferences (see,

e.g., Blais and Weber, 2001; Borghans et al., 2009; Byrnes et al., 1999; Sapienza et al., 2009). This

paper overcomes these identification challenges by leveraging administrative data from a national

retail chain to estimate the first causal effect of manager gender on the probability of receiving a

job offer across a broad range of occupations.

The empirical strategy exploits a unique institutional feature: the complete absence of personal

interaction between hiring managers and applicants throughout the selection process, from initial

application to the final decision. The retail chain recruits for a wide range of occupations, spanning

high-skill positions such as optometrists and pharmacists, as well as lower-skill logistics and service

roles. The data cover the universe of applicants between 2015 and 2018 and record information on

job offer outcomes. Importantly, the dataset includes the gender of both applicants and managers,

allowing us to identify gender-matched effects in a high-stakes, real-world setting.

Job applications are submitted through the firm’s centralized online platform and routed to

human resources, which assigns applicants to stores based on staffing needs. Following this, suitable

applicants undergo a set of standardized assessment tests at an external evaluation center, covering

both cognitive and non-cognitive skills. The center produces a summary report that serves as an

objective proxy for candidate’s personality and ability level. Subsequently, store managers make

job-offer decisions solely based on this report. This process eliminates interpersonal interactions

and visual cues, thereby overcoming a major source of endogeneity in the literature on hiring bias.

To formalize potential biases in the job-offer decision, we develop a conceptual framework in

which managers evaluate candidates based on ability, gender, and the preferences and beliefs of

the decision-maker. Within this framework, we construct the ability-adjusted average gender gap

in job-offer probabilities across positions. The model illustrates how this gap can arise through

(i) disparate treatment, where the manager’s decision rule depends explicitly on the candidate’s

gender, and (ii) disparate impact, where outcomes differ because gender is correlated with other

characteristics or because candidates are sorted to managers with systematically different hiring
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tendencies.

We map this framework to our data to estimate empirically the ability-adjusted average gender

gap. Our identification strategy exploits the firm’s centralized hiring process, which precludes sub-

jective impressions and interpersonal interactions ensuring that an applicant’s gender is effectively

independent of the manager’s gender. Furthermore, the quasi-random assignment of applicants to

stores ensures that candidate’s gender is independent of other managerial characteristics, thereby

neutralizing the disparate impact driven by non-random sorting. This unique setting enables us to

address two core questions: first, conditional on measured ability and personality traits, are equally

qualified male and female applicants treated equivalently? and second, does this treatment vary

systematically with the gender of the decision-maker and the occupational skill level?

In support our identification strategy, we show that applicants are allocated equally to male

and female managers. We further conduct balance tests showing that applicants’ abilities and

personality scores are uncorrelated with manager gender across applicant genders and skill levels.

These results support the assumption that manager assignment is quasi-random and orthogonal to

applicant characteristics.

Our main findings reveal a significant systematic gender bias against female applicants. On

average, equally qualified male applicants are 3 percentage points more likely to receive a job offer

than their female counterparts. When decomposed by skill level, the bias is concentrated in high-

skill occupations, where male applicants are 8.6 percentage points more likely to receive a job-offer

than comparable female applicants. In lower-skill occupations, the bias persists but is substantially

attenuated, at 1.9 percentage points. Disaggregating the results by decision-maker gender shows

that in high-skill occupations, the bias is driven by male managers, who are 12 percentage points

more likely to extend job offers to men, whereas female decision makers exhibit no measurable

bias. A similar pattern emerges in lower-skill positions, where the male job-offer advantage is again

driven entirely by decisions made by male managers.

We further exploit heterogeneity within lower-skill occupations to examine gender differences

across distinct occupational categories: pink-collar roles (e.g., sales and service associates), blue-

collar roles (e.g., inventory associates), white-collar support roles (e.g., pharmacist assistants),
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and middle-managerial positions. We find that male managers’ preference for male applicants is

concentrated in white-collar support positions. In blue-collar roles, however, male managers favor

female applicants. Female managers, by contrast, exhibit a preference for female applicants in

middle-managerial roles while remaining neutral in other occupation categories.

The results indicate that male managers’ job-offer decisions are consistent with statistical dis-

crimination driven by gender-skill stereotypes. Male managers perceive men as better suited for

high-skill positions, systematically favoring male applicants even when they possess identical mea-

sured traits and positions are gender-balanced. Female managers do not exhibit consistent gender

bias in their job-offer outcomes. However, their higher likelihood of extending job offers to female

middle managers may reflect positive in-group homophily, potentially facilitating female represen-

tation within managerial tracks. Notably, the heterogeneity across lower-skill occupations suggests

that gender bias is context-dependent, varying with occupational tasks rather than operating as a

uniform penalty against female applicants.

Our paper contributes to the growing body of research on persistent gender disparities in the

labor market in several ways. First, we identify the decision maker’s gender as critical determi-

nant of gender bias at the job offer stage, providing robust evidence that male managers favor

male applicants in high-skill positions. In doing so, we establish a clear causal link between ap-

plicant gender, manager gender, and job-offer outcomes. These findings highlight a foundational

mechanism underlying the under-representation of women in high-skill occupations, whereby male

decision-makers disproportionately favor men, leading to disparities that compound over time.

Second, our setting provides a unique opportunity to overcome endogeneity concerns and long-

standing challenges in identifying gender bias in job offer decisions. While the literature has tra-

ditionally addressed these challenges using audit and correspondence studies, these methods typi-

cally capture stylized or partial responses in restricted information environments. Reflecting these

limitations, recent meta-analyses of correspondence studies report inconclusive effects, with dis-

crimination varying significantly by context (Lippens et al., 2023; Park and Oh, 2025). Similarly,

laboratory studies show that the direction and magnitude of gender bias depend on occupation

and evaluation context (Booth and Leigh, 2010; Carlsson, 2011; Moss-Racusin et al., 2012; Reuben
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et al., 2014). By contrast, our setting allows us to analyze actual job offer decisions made by

professional managers in a high-stakes business environment, leveraging rich information on both

applicants and evaluators. This advances the literature in three distinct ways. First, it provides a

clear identification of gender bias at the job-offer stage, offering clear evidence where previous field

and lab results have been inconsistent. Second, it enables us to disentangle the sources of this bias

by isolating the gender of the decision-maker. Finally, we assess how such bias varies systematically

across a broad spectrum of occupations and skill levels. By providing precise estimates across these

dimensions, we show that the mixed results in the literature are largely explained by the interaction

between evaluator gender and occupational complexity.

Third, our findings demonstrate that gender disparities in the labor-market arise not only from

structural and cultural barriers experienced on the job, but originate at the initial point of en-

try: the job-offer decision. Existing evidence highlights that structural barriers impede women’s

career progression, resulting in limited representation in leadership positions (Eagly and Karau,

2002; Eckel et al., 2021). In academic settings, research shows that women face unequal profes-

sional treatment, including less favorable reference letters (Eberhardt et al., 2023), more frequent

and aggressive interruptions in seminars (Dupas et al., 2021), and harsher evaluations of research

proposals (Wu, 2020), factors that contribute to their persistent underrepresentation in the labor

market(Dupas et al., 2021). By showing that biased decisions emerge at the threshold of the job

offer, our study identifies a “leaky pipeline” at its source. This suggests a cumulative disadvantage

that not only impacts women’s initial placement but also restricts access to high-skill tracks and

reinforces gender inequality over time.

Lastly, our study contributes to the literature on gender disparities by identifying a behavioral

bottleneck in what has traditionally been considered a model occupation for labor equality. While

Goldin (2014) identifies the pharmacy profession as a benchmark for temporal linearity, where

the absence of a part-time penalty and high worker substitutability should theoretically preclude

gender gaps, our findings show otherwise. Leveraging a high-skill dataset primarily composed of

pharmacists and optometrists, we find that structural linearity alone does not eliminate gender

bias at the job offer stage. Rather, we reveal that managerial discretion introduces bias into
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the decision process, demonstrating that male managers exhibit a preference for male applicants

despite identical qualifications. In doing so, we demonstrate that even when job design eliminates

the motherhood penalty, gender-based frictions in job-offer outcomes persist. This suggests that

the labor-force participation gap is not merely a reflection of women’s choice for flexibility, but is

compounded by a demand-side constraint where bias acts as an involuntary barrier to entry.

The remainder of the paper proceeds as follows: We introduce our theoretical framework in

Section 2. In Section 3 we describe our data and settings followed by a discussion of our empirical

design in Section 4. Section 5 presents our main findings on gender bias in job-offering and Section

6 presents supplemental analysis. In Section 7, we conclude and discuss policy implications.

2 Theoretical Framework

We develop a conceptual framework that models job-offering decisions, allowing for managers’

heterogeneous preferences and beliefs about applicant quality.

Conceptual framework of the gender gap in job offers. Each applicant i for position p is

characterized by ability Ai and gender Fi, where Fi ∈ {0, 1} denotes male and female, respectively.

Applicant i is assigned to store j ∈ {1, ..., J} via the mapping J(i), where Zij = I{J(i) = j} denotes

store assignment.

Within store j, the job offer decision for position p is made by the store manager with the

objective of assessing applicant quality based on observable application information, according to

the decision rule:

Hp
j (a, f, u),

where a denotes applicant ability, f gender, and u represents store-specific contextual factors, such

as local labor market conditions or customer demographics.

For applicant i, the realized job offer outcome is the potential outcome associated with store

assignment J(i):

Hp
i ≡

J∑
j=1

ZijH
p
j (Ai, Fi, Uij) = Hp

J(i)(Ai, Fi, UiJ(i)).
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The firm-level hiring propensity for applicants of type (a, f) is:

H̄p(a, f) ≡ E

 J∑
j=1

ZijH
p
j (a, f, Uij)

∣∣∣∣∣∣ Ai = a, Fi = f

 ,

which averages job offer decisions over both the stochastic assignment of applicants to stores and

store-specific heterogeneity in offers decision rules, including manager-specific factors and contex-

tual shocks captured by Uij .

Ability-adjusted gender gap in job offers. The primary parameter of interest is the ability-

adjusted average gender gap in job offers,

β =

∫
ω(a)

(
H̄p(a, 0)− H̄p(a, 1)

)
dG(a),

where G(a) denotes the distribution of applicant ability, the weighting function ω(a) aggregates

conditional gaps across the ability distribution, and the firm-level hiring propensity is defined as:

H̄p(a, f) = E[Hp
i | Ai = a, Fi = f ],

where Hp
i denotes the realized job offer outcome after assignment to a store. Consequently, β

corresponds to a weighted average of conditional gender gaps in realized outcomes across the ability

distribution. If the gender gap is constant across ability levels, i.e., if E[Hp
i | Fi = 0, Ai = a]−E[Hp

i |

Fi = 1, Ai = a] is constant for all a, then β β is invariant to the choice of ω(a).

Potential sources of gender gaps. Suppose each applicant is characterized by a latent quality,

qi ∈ Q ⊆ R, not directly observed by the manager. Instead, the manager observes a set of signals,

including ability a, gender f , contextual factors u, and unobservables ε capturing idiosyncratic

biases, interpersonal effects, or other manager- or applicant-specific factors. These unobservables

may reflect documented sources of bias, including differential treatment by age or ethnicity, reliance

on heuristics under time pressure, or situational shocks affecting attention or decision quality (e.g.,

Agan and Starr, 2018; Bertrand and Mullainathan, 2004; Sherman et al., 2025; Veit et al., 2022).
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A manager of gender g ∈ {m, f}maximizes expected utility derived from the decision d ∈ {0, 1}:

vgj (d, q, f, ε).

. Manager gender may shift the parameters governing preferences or beliefs without restricting

the functional form of the utility function itself. Because quality qi is unobserved, managers form

subjective beliefs conditional on observed signals. Let F̃ g
j (q | a, f, u) denote manager j’s subjective

posterior distribution of applicant quality after observing a, f , and u. Differences across managers

in F̃ g
j (·) may reflect heterogeneous beliefs, stereotypes, or information-processing constraints.

The manager’s job offer decisions are made to maximize expected utility:

Hp
j (a, f, u) = arg max

d∈{0,1}

∫
vgj (d, q, f, ε)dF̃

g
j (q | a, f, u).

This formulation accommodates departures from subjective beliefs F̃ g
j (·) and the true quality dis-

tribution of applicant quality, capturing biased or inaccurate inference.

Disparate treatment. Disparate treatment arises when hiring decisions depend directly on ap-

plicant gender, holding fixed all other observed characteristics and the store to which the applicant

is assigned. Formally, there exist values of a and u such that

Hj(a, 1, u) ̸= Hj(a, 0, u),

meaning that two applicants who are identical in all observable characteristics except gender may

receive different job offer outcomes.

Such differences may reflect taste-based discrimination, in which gender enters the manager’s

utility function directly (Becker, 1957), or statistical discrimination, whereby managers hold gender-

specific beliefs about the distribution of latent quality conditional on observed signals (Aigner and

Cain, 1977). More generally, disparate treatment may arise from distorted, stereotyped, or biased

beliefs about applicant quality, even when gender is not intrinsically payoff-relevant (Bordalo et al.,

2016).
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Disparate impact. Disparate impact arises when job offer decisions depend on characteristics

correlated with applicant gender, even if the decision rule Hj is invariant to f . In this case,

gender gaps emerge indirectly through the interaction of hiring criteria, contextual factors, and

institutional features of the hiring process.

For instance, if store-specific factors Uij , such as local labor market conditions or customer

demographics, affect hiring decisions and are unevenly distributed across applicants by gender,

gaps may arise indirectly. Similarly, heterogeneity in store-level hiring thresholds or managerial

tendencies, combined with systematic differences in the assignment of applicants across stores

through Zij , can generate firm-level gender gaps in the absence of direct disparate treatment.

3 Data and Settings

3.1 Data

We exploit comprehensive individual-level data on job applicants to a national retail chain compris-

ing 265 stores from 2015 to 2018, covering over 32,000 applications.2 Positions in the firm include

low-skill roles such as cashier, sales associate, administrative positions, service roles, shift manager,

and assistant pharmacists, as well as high-skill roles such as pharmacist and optometrist. We clas-

sify applicants into low- and high-skill categories based on the educational requirements associated

with each position.3 The dataset contains detailed information on job-offer outcomes, specifically

whether an applicant received a job offer, as well as demographic characteristics, including age and

gender.

A unique feature of the data is the inclusion of extensive assessment scores, which serve as the

primary source of information managers use to inform their job offer decisions. These assessments

measure a range of personality traits, including emotional stability, warmth and sociability, consci-

entiousness, energy, persistence, and social desirability, and are administered to applicants across

2The data were obtained from a Western country, but the identity of the firm is confidential.
3Although the titles “shift manager” and “assistant pharmacist” may suggest managerial or high-skill responsibilities,
these positions do not require post-secondary education and are classified as low-skill roles. An assistant pharmacist
primarily performs sales-related tasks within the pharmacy, and a shift manager is typically a cashier with additional
responsibilities for shift scheduling under the close supervision of the store manager. The classification into high-
and low-skill positions reflects our categorization rather than the firm’s internal definitions.
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all occupations.4 The data also include measures of analytical and cognitive abilities, including

numeracy, matrix reasoning, feature recognition speed, general processing speed, mathematical

ability, and comprehension of instructions, which vary by occupation. Each test score is standard-

ized on a 1 to 9 scale within each occupation, and a summary report of the scores, along with a

brief psychologist assessment, is provided to managers. This report provides objective proxies for

applicant personality traits and abilities, facilitating standardized cross-applicant comparisons. We

use these measures to capture the multidimensional vector of applicant ability Ai observed by the

manager during the hiring process.

3.2 Job application and offer process

The hiring process operates as follows. Applicants first view job postings on the retail chain’s web-

site, which provides detailed descriptions of available positions by city or region without disclosing

the specific assigned store. The human resources (HR) department, located at the headquarters of

the retail chain, manages the entire recruiting process until the final offer decision, which is made

exclusively at the discretion of the manager of the assigned store. Centralizing the recruitment

process is deliberately designed to reduce the administrative load for store managers and to en-

sure a standardized, systematic hiring process, as turnover and burnout rates are high in retail

environments Ton and Huckman (2008).

Through the retail chain website, applicants submit personal information, including name,

gender, and education. Applicants are assigned to stores’ open positions based on the order in

which stores flag staffing needs and vacancies. For each position, an HR associate identifies suitable

candidates after an initial screening process and invites the selected candidates to a short phone

interview. Applicants who pass this stage undergo a one-day evaluation at an external psychometric

assessment center, where they complete a set of assessment tests.

The set of assessment tests conducted by each applicant is tailored to the requirements of each

position. Our data include only applicants who were tested. In the final stage of the screening

process, store managers receive a form summarizing the standardized assessment scores along with

4The personality measures correspond to standard Big Five personality dimensions (McCrae and Costa, 1987; McCrae
and John, 1992).
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a brief written evaluation by a psychologist regarding the applicant’s suitability. The summary

form also includes the applicant’s name, age, and gender. The store manager decides whether to

make a job offer based solely on this form. An example of such a form is presented in Appendix

Figure B3. Crucially, applicants have no direct interaction with the store manager during the hiring

process.

TABLE 1

Panel A of Table 1 reports summary statistics for the sample of 32,087 applicants. Approx-

imately 72.8% of applicants are female, comprising 73.4% of applicants in low-skill occupations

and 57% in high-skill occupations. Consistent with the post-secondary education requirements of

high-skill roles, applicants to these positions are significantly older.5 Moreover, the job offer like-

lihood for high-skill positions is 61%, compared to 33% for low-skill applicants. These patterns

likely reflect documented labor shortages for pharmacists and optometrists, reported in the OECD

Health Statistics for 2015-2018 (OECD, 2018).

The table also reports standardized personality and ability scores. While personality tests

are uniform for all applicants, the ability score is an average of role-specific tests. For any given

position, the set of ability tests is identical for all candidates. Panel B reports information on

store managers, showing a relatively balanced gender distribution with 57% female managers. On

average, managers have 6.6 years of tenure in their current store and 17.7 years of tenure within

the retail chain, indicating that managers move between stores over the course of their careers.

4 Research Design and Empirical Model

4.1 Identification strategy

The hiring process described above provides a unique opportunity to test for gender bias in job

offer decisions. In the next section, we draw on the conceptual framework developed in Section 2

5Applicants younger than 18 are excluded from the sample. These account for 1,108 applicants (3.5% of the full
applicant pool).
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to discuss the potential sources of such bias, their implications for identification, and how our

empirical setting addresses these concerns.

First, one potential source of bias could arise from the assignment of applicants to stores, de-

noted by Zij . In our setting, applicants do not apply to specific stores, and they do not know the

rule governing store assignment, as they observe only the geographic region or city of the post-

ing (e.g., “north district of CITY” or “CITY”). At the same time, store managers do not select

which applicants to evaluate, meaning they have no influence on Zij , which is entirely administered

by the HR department. In practice, Zij is determined by the temporal sequence of store-level

vacancies, which are orthogonal to applicant characteristics Ai and Fi, rendering manager assign-

ment exogenous. Therefore, the centralized mechanism ensures independence from the discretion

of HR associates, store managers, and applicants. In empirical terms, this means that the process

of assigning an applicant to a specific manager is effectively as good as random with respect to

the applicant’s characteristics, eliminating selection bias stemming from applicant self-selection,

manager-driven screening, or geographic sorting.

Second, the setting mitigates manager-specific situational factors such as time pressure, atten-

tion interruptions, multitasking, or fatigue during application evaluation. In our conceptual frame-

work, these factors are captured by store- and manager-specific contextual variables Uij , which

can shift hiring outcomes by affecting how observed information is processed.6 In the context of

our setting, the assessment summary mitigates such situational shocks by providing standardized

measures of applicant ability and personality, which facilitate comparable evaluations and reduce

the influence of unstructured discretion. By reducing reliance on unstructured discretion and in-

formal screening practices, this institutional feature limits the scope for situational constraints to

systematically affect hiring decisions.

Finally, the centralized screening design eliminates a key source of bias in traditional job screen-

ing, namely subjective impressions and interpersonal interactions. Job-offer decisions may be in-

fluenced by rapport, physical appearance, accent, vocal tone, or other subjective cues, which are

6That is, for a fixed set of applicant characteristics, variation in the evaluation environment can lead to different
hiring decisions:

Hp
j (a, f, u) ̸= Hp

j (a, f, u
′).
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captured in our framework by the unobservable component ε (Barrick et al., 2012; Purkiss et al.,

2006; Ruffle and Shtudiner, 2015). Here, the screening process is fully blinded, as store managers

and applicants never interact. All decisions are based exclusively on standardized assessment results

for both personality traits and ability, applied uniformly across candidates. This design removes

interpersonal and appearance-based components from ε, narrowing the set of unobserved factors to

those that are orthogonal to applicant gender and strengthening the identification of gender-related

bias.

The unique features of our data allow us to rule out applicant sorting and interpersonal inter-

actions as sources of bias in job offer decisions. Managers do not select certain types of applicants

(e.g., higher ability or a specific gender), and applicants are not steered toward specific stores based

on those traits or the manager’s own traits. Moreover, the design enables us to control for person-

ality and ability measures, as well as age, which are key determinants of managerial evaluations

(Carlsson and Eriksson, 2019; Neumark, 2024). After accounting for these factors, applicant gen-

der remains the primary observable characteristic through which differential treatment is assessed.

This allows us to claim that any variation in job-offer decisions is due to how managers respond to

applicant gender, rather than the underlying qualities of the applicants. Accordingly, this setting

enables a direct test of whether, conditional on age and qualifications, managers’ decisions system-

atically favor one gender over the other, and whether the gender of the decision maker shapes this

pattern.

4.2 Research design validation

To test the validity of the identification assumption, we first examine the patterns of applicant

assignment to stores by store manager gender. The data indicate that applicants are not system-

atically assigned to managers of a specific gender. Specifically, the distribution of applicants is

well-balanced across manager types: male applicants are assigned nearly equally to stores man-

aged by women (28%) and men (27%), while female applicants are similarly distributed across

male-managed (73%) and female-managed (72%) stores.

Moreover, Table 2 presents a formal balance test of whether applicant ability and personality
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assessment scores vary by manager gender. The estimates confirm that neither measure is associated

with the manager’s gender. If applicants were assigned to managers non-randomly, one would

expect higher-ability applicants to be disproportionately matched with a specific manager gender.

The balance test alleviates this concern. The results reported separately by skill level in Panels

(a) and (b), strongly support the identification assumption. They indicate that manager gender

is orthogonal to applicant ability and personality scores for both skill levels, consistent with an

effectively random assignment process.

TABLE 2

FIGURE 1

As a final step in our descriptive analysis, we examine the distributions of applicant age, ability,

and personality measures by job-offer outcome, as shown in Figure 1. This analysis assesses how

job-offer outcomes vary with the observable characteristics available to decision makers. Panels (a)

and (b) plot the distributions of age at test for high- and low-skill occupations, respectively, by

job offer decisions. For low-skill roles, managers show a preference for younger applicants. These

patterns align with prior evidence on age-related hiring (Neumark, 2024; Neumark et al., 2016),

which show that age is a significant factor in retail hiring. Specifically, younger applicants for low-

skill roles such as sales associates and cashiers receive more favorable outcomes. This pattern is often

attributed to statistical or taste-based discrimination, regarding customer fit, lack of flexibility, or

technological orientation. However, this age preference disappears in high-skill occupations, where

the age distributions for successful and unsuccessful applicants are nearly identical.

Panels (c) through (f) of Figure 1 present the corresponding distributions for ability and per-

sonality scores. For low-skill occupations, applicants with higher scores in both dimensions are

significantly more likely to receive a job offer. In contrast, for high-skill occupations, the differ-

ences are less pronounced. While personality scores continue to play a role in job offer decisions,

the ability measure distributions for high-skill roles are effectively indistinguishable across offer

outcomes. One possible explanation is that formal education and professional credentials already

provide substantial information about applicant quality in high-skill roles. Consequently, decision
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makers may place greater weight on these external tests. This is consistent with research show-

ing that richer information environments reduce the reliance of decision makers on specific direct

measures or group-based priors (Altonji and Pierret, 2001).

4.3 Empirical model

Our data allow us to compare applicants who are observationally equivalent across all relevant

dimensions except gender, enabling an assessment of differential treatment in job-offer outcomes.

Under this design, any systematic variation in hiring outcomes by applicant gender can be attributed

to manager bias. We estimate this bias using the following linear probability model:

OFFERij = α+ β1 · Femalei + β2 · Female Managerj + β3(Femalei × Female Managerj)

+ µ1 ·Abilityi + µ2 · Personalityi + γXij + εij , (1)

where OFFERij is an indicator equal to one if applicant i received a job offer from store manager

j. Femalei denotes the applicant’s gender, Female Managerj indicates whether the applicant is

assigned to a store j managed by a female, and the interaction term captures potential differences

in gender bias across manager types. The variables Abilityi and Personalityi proxy the applicant’s

latent traits. Since these scores are correlated across multiple tests, we summarize them using

principal component analysis (PCA), denoted by Abilityi ≡ Abilityi(T ) ∈ Rk and Personalityi ≡

Personalityi(T ) ∈ Rk, where T is the set of assessment tests relevant for the occupation to which

applicant i applied. We retain the first two components for each measure to capture the primary

variation in the assessment battery.

The vector Xij includes a rich set of covariates to account for temporal, managerial, and branch-

level characteristics. These include month-year fixed effects and day-of-week fixed effects, applicant

age, manager age and tenure, store years of operation, and fixed effects for geographic region

and store type (e.g., mall, neighborhood, or downtown). We also include a measure of the store

manager’s empowering leadership style, ranging from 1 to 5, as evaluated by the manager’s current

subordinates in the year of the application.7 Standard errors are clustered at the store–month–year

7The empowering leadership measure captures the extent to which store managers exhibit behaviors that empower
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level to account for within-store correlation over time in unobserved hiring shocks.

5 Gender Bias in Job-Offering

Table 3 presents estimates from Eq. (1). Panel A reports pooled estimates across all applicants,

and Panel B reports results separately by manager gender, based on interactions between applicant

gender and manager gender. Column (1) of Panel A reveals a statistically significant bias in favor

of male applicants across all occupations. Female candidates are approximately 2 percentage points

less likely to receive a job offer than otherwise comparable male candidates. This estimate represents

the ability- and personality-adjusted gender gap, capturing the average effect of applicant gender

on job-offering decisions.

These results naturally raise the question of whether differential treatment varies by occupa-

tional skill level. Within the framework of our theoretical model, we examine heterogeneity in

the job-offer function Hp
j (a, f, u) across occupational skill level. We re-estimate Eq. (1) by inter-

acting applicant and manager gender with a high-skill indicator, High Skilli, which equals one for

pharmacists and optometrists and zero for low-skill roles.8

Disaggregating the gender bias by occupational skill level, as shown in Columns 2 and 3 of

Table 3, reveals substantial heterogeneity. The aggregate gender gap is entirely driven by high-skill

occupations. Male applicants in high-skill roles are 8.2 percentage points more likely to receive a

job offer than similarly qualified female applicants. In low-skill occupations, the estimated gender

gap is negligible and statistically indistinguishable from zero. The table further shows that the

difference between high- and low-skill roles is both statistically and economically significant, with

the gender gap 7.3 percentage points larger in high-skill occupations.

These findings are consistent with models of statistical discrimination, in which gender serves as

an informative signal for unobserved productivity or ability (Arrow, 1971; Phelps, 1972). In high-

skill roles, where individual performance is more difficult to infer from standardized assessments

alone, managers may rely more heavily on group-level averages. Within this framework of statistical

and guide employees, with higher scores indicating a greater prevalence of this leadership style.
8Pharmacists and optometrists are classified as high-skill due to their post-secondary educational requirements.
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discrimination, such behavior represents a rational, albeit biased, response to higher costs of a “bad

hire” in complex roles (Aigner and Cain, 1977; Altonji and Blank, 1999). The concentration of bias

in high-skill roles also points to the presence of statistical stereotypes, which are preconceived beliefs

about the distribution of ability or technical competence (Bohnet et al., 2016). These stereotypes

disproportionately penalize women in professional tiers while remaining dormant in routine, low-

skill tasks (Bordalo et al., 2019).

TABLE 3

High-skill workers in our sample are primarily pharmacists, an occupation described by Goldin

(2014) and Goldin and Katz (2016) as exhibiting high “linearity.” In linear occupations, earnings

are proportional to hours worked because workers are highly substitutable; consequently, gender

gaps are expected to be minimal. The evidence in Panel (a) challenges this notion, suggesting that

structural linearity alone does not eliminate gender bias at the job-offer stage. Even in such roles,

if managers hold statistical stereotypes about female pharmacist’s inherent productivity (Kleven

et al., 2019; Marianne, 2011), they may discount women’s high assessment scores relative to those of

comparable male peers. This suggests that while linearity may reduce the penalty associated with

temporal flexibility, it does not necessarily mitigate the impact of subjective manager evaluations

or biased priors (Blau and Kahn, 2017).

Panel (b) reports estimates by manager gender. The results indicate that the bias against

female applicants is driven primarily by male managers. Row (a) shows that male managers exhibit

a significant bias against women: female applicants evaluated by men are 3.6 percentage points less

likely to receive a job-offer overall, with the gap reaching 10.3 percentage points in high-skill roles

and 2.1 percentage points in low-skill roles. In contrast, row (b) shows that female managers do

not exhibit statistically significant bias in either category.

This divergence suggests that the “informational value” of gender is not objective, but instead

depends on manager’s prior beliefs. If male managers hold more rigid statistical stereotypes regard-

ing gendered aptitude in high-skill domains, they will reach different hiring conclusions than female

managers, even when faced with identical applicant information. This points toward “belief-based”

statistical discrimination (Coate and Loury, 1993). Under this framework, bias stems not from
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actual differences in group productivity, but from inaccurate or exaggerated perceptions of those

differences, particularly among male evaluators (Bohren et al., 2019; Bordalo et al., 2019; Hentschel

et al., 2019).

The magnitude of these effects is substantial. Differences of 2 to 5 percentage points in job-offer

rates, and especially gaps of 8 to 10 percentage points in high-skill roles, imply significant exclusion

of qualified female applicants. The institutional setting of our data, in which applicants are quasi-

randomly assigned to stores and evaluated using identical standardized assessments, allows for

precise identification of these disparities within observational data.9

Low-skill occupations. We explore how contextual factors captured by Uij are related to the

job-offering decision. Table 4 decomposes the low-skill occupations into four categories: pink-

collar, blue-collar, white-collar, and managerial roles. We then examine whether gender disparities

differ across these categories, which reflect meaningful distinctions within low-skill jobs. Pink-

collar roles (e.g., customer-facing or service-oriented positions) involve substantial interpersonal

interaction. Blue-collar positions involve physical or logistics-related tasks. White-collar roles

include administrative or office-based work, and managerial positions refer to roles such as shift

managers that do not require post-secondary education.

TABLE 4

Panel (a) of Table 4 shows, on average, a negative bias against women in pink-collar occupations,

although the estimates are not statistically significant.In contrast, blue-collar positions show a

positive and statistically significant coefficient, indicating that the likelihood of offering a job-offer

to a woman is 11 percentage points higher than for man in these roles.

Panel (b) provides the results separately for male and female managers. For male managers,

the estimates indicate bias against women in pink-collar and white-collar occupations, though these

differences do not reach statistical significance in these subsamples, likely due to reduced sample

size. In blue-collar positions, male managers are 19 percentage points more likely to provide a job-

offer to a female applicant. This pattern is consistent with the psychological mechanism of moral

9Moreover, these estimates may represent a lower bound of the bias if managers perceive female applicants in high-skill
positions as a positively selected subgroup.
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cleansing, where initial discriminatory decisions against an outgroup member (i.e., female in our

case could threaten one’s moral organizational-image (i.e., store manager), thus prompting them to

perform later on compensatory, pro-social actions in favor of the initially biased outgroup in other

contexts. Prior research on moral cleansing shows how prior immoral decision can motivate and

be followed by moral compensatory actions (Jordan et al., 2011; Sachdeva et al., 2009; Zhong and

Liljenquist, 2006).

Panel (b) also presents female managers’ job-offer patterns in low-skill occupations. The esti-

mates for pink- and blue-collar occupations are statistically insignificant. In white-collar roles, the

estimate is positive but does not reach statistical significance, presumably due to the small sample

size. In managerial positions, the estimates are large and significant, showing that female managers

are 5.3 percentage points more likely to provide a job-offer to a female applicant than to an equally

qualified male.

These results aligns with the broader literature on homophily, which suggest that similarity

increases communication quality, trust, and interaction frequency, particularly in roles requiring

close coordination. For example, Fortin et al. (2022) document homophily among female managers

that leads to larger pay increases for female employees than for male employees. Thus, female

managers may be more likely to support female candidates in managerial roles that involve close

interaction and communication where they anticipate better fit, work environment, and productivity

with female shift managers, factors that are particularly salient in roles characterized by intensive

day-to-day interaction (Cohen and Huffman, 2007; Dickinson et al., 2018; Ibarra, 1992).

Interestingly, Cullen and Perez-Truglia (2023) emphasize the role of social interaction in shaping

gender gaps, noting that men are more likely to form professional connections through channels

that are less accessible to women. They further find that women are not necessarily more successful

under female management, suggesting that institutional context, such as the financial-sector setting

they study, may shape these dynamics. Our results indicate that variations in occupational context

provide a potential explanation for these disparate findings.
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6 Supplemental Analysis

6.1 Quasi-experimental design

In this section, we use a quasi-experimental research design, leveraging incoming and outgoing

managers. We exploit changes in the gender of store managers to examine differential treatment of

male and female applicants by manager gender. Specifically, we assess whether job-offers change

when a male (female) manager is replaced by a female (male) manager, using same-gender manager

transitions as a control group.

Table 5 presents the estimates, showing that the only statistically significant change occurs

when a female manager is replaced by a male manager. All other types of manager transitions, fail

to yield statistically significant changes in the likelihood that female applicants receive a job offer

in either high- or low-skill positions.

While we do not observe statistically significant effects for low-skill positions, the results for

high-skill jobs are striking. When leadership shifts from a female to a male manager, the estimated

bias against female applicants increases sharply: female applicants are 70.1 percentage points less

likely to receive a job-offer under the new male manager. Although only 7 stores experienced a

transition from a female to a male manager during the study period, this subsample accounts for

888 applications, providing robust support for our primary finding

TABLE 5

6.2 Suggestive mechanisms

To further explore the drivers of the observed hiring disparities, we examine heterogeneity in the

differential treatment of female applicants across local cultural and geographic contexts. Employ-

ment opportunities are often concentrated in specific geographic hubs, which in our setting are

primarily located in the center of the country. At the same time, women tend to exhibit lower

geographic mobility. As a result, women may be less able to access these high-opportunity labor

markets, potentially leading to less favorable employment outcomes (e.g., Le Barbanchon et al.,

2021; Petrongolo and Ronchi, 2020). Under a framework of statistical discrimination, such con-
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straints may also shape employers’ beliefs. When women are perceived as having fewer outside

options, employers may be more likely to rely on gender-based stereotypes leading to lower job-

offer rates in periphery areas. If these stereotypes are socially constructed, the magnitude of the

hiring penalty should vary significantly across socio-geographic environments that harbor distinct

cultural norms and in cases that female have less opportunities.

Table 6 provides clear evidence of this heterogeneity. In Central Areas (Panel A), characterized

by more progressive gender norms and a higher density of professional opportunities for women, we

find no statistically significant hiring penalty for women in either high-skill or low-skill roles. The

coefficients for both male and female managers are economically small and statistically indistin-

guishable from zero, suggesting that in these “modern” hubs, gender does not serve as a primary

heuristic for skill.

In sharp contrast, Peripheral Areas (Panel B) exhibit a pervasive and significant penalty against

female applicants. For high-skill positions in these regions, male managers are 13 percentage points

less likely to offer a position to a woman than to a man. Notably, while female managers in the

periphery also exhibit a negative coefficient for high-skill roles, they are significantly more equitable

in low-skill hiring than their male counterparts, providing a 6 percentage point advantage relative

to male managers. Finally, Panel C (Other Areas) serves as a baseline, with estimates consistent

with those of the pooled sample.

This geographic divergence suggests that the hiring bias we document is not a fixed feature of

the labor market, but varies with the local cultural environment. The concentration of the penalty

in peripheral regions, where traditional gender roles remain more entrenched, strongly supports the

hypothesis that gender-skill stereotypes serves as a key mechanism for statistical discrimination.

This pattern is particularly salient in high-skill roles, where greater complexity of the position

increases employer’s reliance on subjective, location-specific priors.

TABLE 6
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7 Discussion and Conclusions

This study examines gender bias at a critical stage of the hiring process, the job-offer decision.

We leverage a unique and rich dataset that combines detailed measures of applicant ability and

personality with information on the gender of both applicants and managers across a wide range

of occupations and skill levels. Our results document a persistent bias against female applicants

during the initial evaluation. Even absent workplace interactions, equally qualified women are less

likely to receive job-offers.

The institutional setting of our analysis is characterized by a blind application process, where

candidates are quasi-randomly assigned to stores and evaluated without prior contact. This allows

us to isolate the role of applicant gender and its interaction with the gender of the decision-maker.

Within this setting, we document that the bias against female applicants is concentrated primarily

in high-skill occupations and driven almost entirely by male managers.

While the existing literature often documents bias within specific markets or stylized experimen-

tal settings, there is limited evidence on how such biases vary across occupational skill levels and

manager gender. Our results show that gender bias is not uniform. Specifically, it is strongest in

high-skill roles and when job-offer decisions are made by male managers. This means that the iden-

tity of the evaluator is as consequential as the credentials of the candidate in shaping early-career

opportunities.

We acknowledge that our data are derived from a single firm in one country. However, the

firm operates across diverse geographical markets and skill levels, providing a unified institutional

setting to study heterogeneity across job types.

Our findings suggest several policy interventions to mitigate gender disparities. First, our

results support the expansion of blind evaluation practices that prioritize objective assessments

over gender-identifying information. Alternatively, implementing gender-diverse selection panels

rather than relying on individual managers may dilute the impact of personal bias. Firms should

also consider regular internal monitoring of job-offer outcomes by applicant and manager gender

to detect and address disparate treatment in real time.
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(a) Age at Test, High Skill Occupations (b) Age at Test, Low Skill Occupations

(c) Ability Score, High Skill Occupations (d) Ability Score, Low Skill Occupations

(e) Personality Score, High Skill Occupations (f) Personality Score, Low Skill Occupations

Figure 1: Distributions of applicants’ age and assessment test scores, separately for applicants who
were offered a position and those who were not.
Notes: Each panel reports kernel density estimates by hiring outcome.
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Table 1: Summary Statistics

Overall High Low t-test
(1) (2) (3) (3)-(2)

Panel A: Applicant Characteristics
Female share 0.728 0.571 0.734 -10.99

(0.445) (0.495) (0.442)

Age at test 29.636 31.161 29.579 5.88
(11.447) (8.843) (11.529)

Offer=1 0.336 0.610 0.326 19.44
(0.472) (0.488) (0.469)

Standardized personality score 4.876 4.961 4.873 2.27
(1.227) (1.292) (1.224)

Standardized ability score 4.981 5.213 4.973 5.97
(1.512) (1.332) (1.518)

N 32087 1151 30936

Panel B: Manager Characteristics
Female share 0.57

(0.496)

Age 43.203
(8.391)

Tenure in the store 6.605
(5.599)

Tenure in the Org. 17.751
(6.89)

N 300
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Table 2: Balance Tests of Applicant Ability and Personality Scores by Manager Gender

Male Applicants Female Applicants

Panel A: High Skill Occupations: Female vs. Male Manager

Ability Score -0.096 0.138
(0.135) (0.107)

Personality Score -0.101 -0.094
(0.128) (0.101)

N 494 657

Panel B: Low Skill Occupations: Female vs. Male Manager

Ability Score -0.022 0.003
(0.037) (0.020)

Personality Score 0.008 -0.020
(0.029) (0.016)

N 8241 22686

Notes: Each coefficient reports the regression-adjusted difference in applicant
scores between female- and male-managed stores. Regressions include geo-
graphic cluster fixed effects to account for geographically constrained assign-
ment of applicants to stores. Robust standard errors are reported in parenthe-
ses. Standard errors in parentheses. ∗∗p < 0.05, ∗p < 0.1.
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Table 3: The Likelihood of Offering a Position to Female Relative to Male Applicants

Position Skill Level

All High Skill Low Skill Diff
(1) (2) (3) (3)-(2)

Panel A: Offer Likelihood: Female vs. Male Applicants

All applicants -0.020∗∗ -0.082∗∗ -0.009 0.073∗∗

(0.006) (0.028) (0.006) (0.028)

Panel B: Offer Likelihood by Manager Gender: Female vs. Male Applicants

(a) Male manager -0.036∗∗ -0.103∗∗ -0.021∗∗

(0.009) (0.039) (0.009)

(b) Female manager -0.007 -0.058 0.001
(0.008) (0.039) (0.008)

(b)-(a) Diff 0.029∗∗ 0.045 0.022∗

(0.012) (0.055) (0.012)

N 32078 1151 30927

Notes: Standard errors in parentheses. ∗∗p < 0.05, ∗p < 0.1.
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Table 4: The Likelihood of Offering a Position to Female Relative to Male Applicants in Low-Skill
Occupations

Position Type

Pink Collar Blue Collar White Collar Managerial

Panel A: Offer Likelihood: Female vs. Male Applicants

All applicants -0.004 0.110∗∗ 0.011 0.035∗∗

(0.008) (0.055) (0.021) (0.015)

Panel B: Offer Likelihood by Manager Gender: Female vs. Male Applicants

Male managers -0.014 0.190∗∗ -0.035 0.011
(0.012) (0.081) (0.034) (0.024)

Female managers 0.006 0.022 0.039 0.053∗∗

(0.011) (0.077) (0.027) (0.020)

N 21105 2697 2839 4286

Notes: ∗∗p < 0.05.

28



Table 5: Manager Change Quasi-Experiment: The Effect on Position Offer Likelihood for Female
vs. Male Applicants

Position Type

High skill Low skill N Unique Stores

(1) Female to Female -0.126 0.019 3393 24
(0.166) (0.036)

(2) Female to Male -0.701∗∗ 0.015 888 7
(0.277) (0.072)

(2)-(1) Diff -0.576∗ -0.004
(0.323) (0.081)

(3) Male to Male 0.080 -0.043 2658 17
(0.167) (0.041)

(4) Male to Female 0.217 0.018 558 5
(0.199) (0.090)

(4)-(3) Diff 0.138 -0.060
(0.260) (0.099)

Notes: ∗∗p < 0.05, ∗p < 0.1.
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Table 6: The Likelihood of Offering a Position to Female Relative to Male Applicants By Geo-
graphical Areas

Position Type

High Skill Low Skill

Panel A: Central Areas

(a) Male manager -0.017 0.027
(0.102) (0.016)

(b) Female manager 0.005 0.005
(0.072) (0.014)

N 265 8405

Panel B: Peripheral Areas

(a) Male manager -0.130∗∗ -0.062∗∗

(0.057) (0.016)

(b) Female manager -0.102 -0.002
(0.063) (0.015)

N 488 9701

Panel C: Other Areas

(a) Male manager -0.109∗ -0.031∗∗

(0.063) (0.013)

(b) Female manager -0.095 -0.014
(0.070) (0.012)

N 398 12821
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Appendices

Table A1: Gender Share by Occupation

Applicants Data Firm Data

Occupation Female Share Total Female Share Total

Administrative Position 0.98 224 0.99 375
Assistant pharmacist 0.78 2839 0.80 973
Pharmacist 0.55 1008 0.47 929
Optometrist 0.76 143 0.80 69
Sellers & service role 0.82 20889 0.86 3754
Store Inventory Keeper 0.03 2698 0.05 358
Shift Manager 0.70 4286

Notes: “Applicants Data” contains all workers used in the main analysis.
The “Firm Data” is from 2015 and includes only workers not hired from
the “Applicants Data.” The Shift Manager role is missing for “Firm Data”
because these employees also hold other positions; the firm data only lists
the “other position” alongside the Shift Manager role.
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(a) Male-Managed Stores, High Skill Occupations (b) Female-Managed Stores, High Skill Occupations

(c) Male-Managed Stores, Low Skill Occupations (d) Female-Managed Stores, Low Skill Occupations

Figure B1: Standardized Ability Score Distributions Across Applicant Gender and Occupation Skill
Level.
Notes: This figure plots kernel density estimates of the aggregated assessment test score for male and female ap-
plicants separately, conditional on whether they were assigned to male- or female-managed stores. p-values from
the nonparametric two-sample test for equality of distributions are reported, indicating no statistically significant
differences across manager gender.
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(a) Male-Managed Stores, High Skill Occupations (b) Female-Managed Stores, High Skill Occupations

(c) Male-Managed Stores, Low Skill Occupations (d) Female-Managed Stores, Low Skill Occupations

Figure B2: Standardized Personality Score Distributions Across Applicant Gender and Occupation
Skill Level.
Notes: This figure plots kernel density estimates of the aggregated assessment test score for male and female ap-
plicants separately, conditional on whether they were assigned to male- or female-managed stores. p-values from
the nonparametric two-sample test for equality of distributions are reported, indicating no statistically significant
differences across manager gender.
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Test Results Report 
Confidential – Personal 

This report contains personal, sensitive, and confidential information. The recipient is 
responsible for securing the confidentiality of the information and preventing any use other than 
for the sole purpose of assessing the candidate’s suitability for the designated position. 
Disclosure of information from this report to the candidate without the professional judgment of 
a licensed psychologist may cause harm to the candidate. 

Candidate’s Personal Details 

I Identification Number 

Examinee Name 

Gender Female 

Store Name 

Examination Date 06/11/2018 

Examination Language 

Country of Birth 

Date of Birth 

Education High School 

Years of Education 12 

Occupation Service Team Member 

Extra Time Accommodation No 

Scoring Norm Cashier 

Address 

Telephone Numbers 

Figure B3: Assessment test scores - Example - Page 1
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Assessment Test Scores- A Summary Report

Cognitive Ability Scores

Test Score (Out of 1-9) 

Overall Impression 8 

Visual Memory 5 

Attention to Detail 6 

Detail Recognition and Difference 
I Identification

7 

Overall Impression – Distribution

1 2 3 4 5 6 7 8 9 

Visual Memory – Distribution

1 2 3 4 5 6 7 8 9 

Attention to Detail – Distribution

1 2 3 4 5 6 7 8 9 

Detail Recognition and Difference Identification – Distribution

1 2 3 4 5 6 7 8 9 

Figure B3: Assessment test scores - Example - Page 2
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Personality Test Scores

Test   Score (between 1-9)

Service Provision (Agreeableness) 4 

Stress Management 3 

Independence and Self Esteem 4 

Openness and Extraversion 5 

Organizational Commitment 6 

Social Desirability 5 

Service Provision (Agreeableness)– Distribution

Stress Management – Distribution

1 2 3 4 5 6 7 8 9 

Independence and Self Esteem – Distribution

1 2 3 4 5 6 7 8 9 

1 2 3 4 5 6 7 8 9 

Figure B3: Assessment test scores - Example - Page 3
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Openness and Extraversion – Distribution 

1 2 3 4 5 6 7 8 9 

Organizational Commitment – Distribution 

1 2 3 4 5 6 7 8 9 

Social Desirability – Distribution 

1 2 3 4 5 6 7 8 9 

Overall Evaluation 

Score (between 1-9) 
Overall Evaluation Score 6 

Promotion Potential 5 

  Overall Evaluation Score – Distribution 

1 2 3 4 5 6 7 8 9 

Promotion Potential – Distribution 

1 2 3 4 5 6 7 8 9 

Figure B3: Assessment test scores - Example - Page 4
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Assessment Summery 

(score in parentheses between 1-9) 

● Overall Level (8) - The candidate’s analytical cognitive ability is very high. The
candidate is capable of absorbing and processing various sources of information,
creating the connections between them, and reaching correct conclusions. The
candidate possesses a high intellectual level and a strong ability to comprehend
new subjects and implement them into the work routine.

● Visual Memory (5) - Average memory ability. The candidate absorbs and recalls
information with average accuracy and speed.

● Attention to Detail (6) - Average ability to identify details accurately, efficiently,
and quickly.

● Detail Recognition and Difference Identification (7) - High ability to detect and
identify graphical signs and symbols and to compare between them.

● Service Provision - Agreeableness (4) - Moderate in people-oriented approach.
Friendly, outgoing, and warm at the average level, with the ability to enjoy
working and interacting with people. The candidate can be attentive and kind
when required. Many individuals with this score are reasonably suitable for
service roles.

● Stress Management (3) - Slightly sensitive and emotional, which is noticeable
when facing difficult or frustrating situations. May respond with embarrassment
or stress that can impair work efficiency.

● Independence and Self Esteem (4) - Displays normal self-confidence with an
average level of assertiveness and need to stand out. Capable of asserting his
opinion when necessary and appears able to exercise formal authority when given.
Individuals with this score are reasonably suitable for management roles.

● Openness and Extraversion (5) - Balanced, moderate, and composed
personality. Open to change and new experiences to a reasonable extent, but not
adventurous or highly spontaneous. Tends to evaluate and consider before making
decisions.

● Organizational Commitment (6) - The candidate appears to have a normal level
of responsibility, diligence, perseverance, and loyalty to the work systems and
operates. Fairly conforming, respects social norms and follows moral values, at
the average level without standing out more than others in these aspects.

Figure B3: Assessment test scores - Example - Page 5
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