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Abstract: In 2018, Amazon quietly discontinued its AI recruiting tool after discovering it systematically favored male candidates over
equally qualified women. This incident exposed critical vulnerabilities in automated hiring systems that promised to eliminate human
bias. This study examines Al-based resume screening through technical evaluation of algorithmic efficiency, fairness concerns, and
implementation barriers. Data collected from 16 respondents reveal strong efficiency recognition with 87.5% acknowledging time
savings, yet significant fairness concerns persist as 81.25% worry about algorithmic bias. Interestingly, 87.5% prefer hybrid models
combining AI with human oversight rather than full automation. Findings suggest successful implementation requires algorithm
transparency, bias mitigation, and human- Al collaboration frameworks.
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1. Introduction

Picture a recruiter staring at 500 resumes for a single job
opening. By the time they finish reading the first 50, their
attention has already faded.

Studies show human recruiters spend just six seconds per
resume, making snap judgments that miss qualified
candidates or introduce unconscious bias [1]. This reality
has made Al-based resume screening increasingly attractive
to organizations drowning in applications.

Modern systems using natural language processing and
machine learning can parse thousands of resumes in
minutes. Companies report up to 75% reduction in
screening time after implementation [2][3]. The promise
seems perfect.

But there's a catch. Amazon's 2018 Al recruiting tool
systematically discriminated against women. The system
had learned from ten years of male-dominated hiring data to
penalize resumes containing words like "women's chess
club" [4]. Amazon scrapped the project quietly, but the
damage to confidence was done.

This incident highlights fundamental tension in automated
hiring. From a technical perspective, Al screening employs
sophisticated algorithms including support vector machines
and neural networks to classify candidates [5]. These
systems analyze unstructured text, extract features, and
predict candidate suitability.

Yet algorithms trained on biased historical data perpetuate
and amplify that bias, creating systematic discrimination at
scale [6]. The technical challenge is significant. Systems
must handle diverse resume formats, understand context,
and maintain fairness across demographic groups [7].

This study examines how users perceive Al resume
screening systems. Rather than focusing solely on algorithm

performance metrics, this research investigates the
intersection of technical capabilities, practical utility, and
ethical concerns.

Do users recognize efficiency benefits? What fairness
concerns do they identify? How much do they trust
algorithmic recommendations? What implementation
challenges exist? Do users prefer automation, human- only
screening, or hybrid approaches?

Understanding user perspective is crucial. Adoption
determines whether technically sound solutions succeed or
fail in practice. If HR professionals don't trust Al
recommendations or understand system limitations, even
sophisticated algorithms will be underutilized.

2. Literature Review

Research on Al recruitment efficiency consistently
demonstrates substantial time savings. Black and van Esch
found AI screening reduced initial review time by
approximately 75% [3]. This allows recruiters to process
significantly larger candidate pools than manual methods
permit.

Lee and colleagues quantified efficiency more precisely.
Their study reported that automated systems could evaluate
1,000 resumes in the time required for human review of
roughly 20 resumes [7]. This represents a 50-fold speed
improvement.

Organizations report cost reductions of 40 to 60 percent in
cost-per-hire after implementation [8].

Beyond speed, Al offers consistency that humans cannot
match. Algorithms apply identical criteria without fatigue or
shifting standards [9]. This consistency addresses one of the
major weaknesses in human resume screening.

However, efficiency must be balanced against serious
fairness concerns. The Amazon case is merely the most
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publicized example of a broader problem.
Raghavan and colleagues demonstrated
screening algorithms exhibited racial bias [10].
Identical resumes received different scores when only the
candidate's name suggested different ethnic backgrounds.

that resume

Technical sources of algorithmic bias include training data
bias, feature selection bias, and algorithmic amplification
[11][12]. Training data bias occurs when models learn from
historical discrimination.

Feature selection bias happens when neutral factors serve as
proxies for protected characteristics.

Algorithmic amplification converts subtle correlations into
systematic discrimination.

Buolamwini and Gebru demonstrated similar patterns in
facial recognition systems. Their research showed higher
error rates for women and people of color [13]. The same
mechanisms that cause bias in facial recognition also affect
resume screening algorithms.

Recognition of these challenges has prompted research into
hybrid human-Al collaboration models. Cappelli and
colleagues propose augmented intelligence frameworks
where Al handles initial screening but humans make final
decisions [14]. This approach seeks to retain algorithmic
efficiency while preserving human judgment for ethical
oversight.

Tambe and colleagues found human oversight reduced false
negatives by approximately 35% while maintaining 90% of
Al's speed advantages [15]. False negatives represent a
critical failure mode where qualified candidates are
incorrectly rejected. Black and van Esch discovered
recruiters expressed highest satisfaction when Al was
framed as decision-support rather than autonomous
decision-maker [3].

Despite extensive research on algorithms and fairness
metrics, limited empirical work examines how practitioners
perceive these systems. This study addresses that gap by
investigating user perceptions of Al resume screening
across multiple dimensions.

3. Research Questions

This study investigates five key research questions:

RQ1: How do users perceive the efficiency of Al- based
resume screening systems?

RQ2: What concerns do users identify regarding fairness
and algorithmic bias?

RQ3: To what extent do users trust Al systems for candidate
evaluation?

RQ4: What implementation challenges do users identify as
barriers to adoption?

RQS5: What human-AlI collaboration models do users prefer?

4. Methodology

This research employs a descriptive cross-sectional survey
design. The approach reflects user-centered evaluation

methodology common in IT system assessment.
Understanding end-user experience and acceptance is
critical for predicting technology adoption.

Data was collected through a structured 21-question Google
Form. The survey was distributed via LinkedIn, email, and
social media from December 16-19, 2025. Distribution
channels included professional HR networks, technology
forums, and academic groups.

The questionnaire comprised six sections. Section A
covered demographics including role, experience,
organization size, and Al knowledge. Section B measured
efficiency perceptions through 3 Likert- scale questions on
time-saving, workload reduction, and volume handling.
Section C assessed fairness concerns through 4 yes/no
questions on bias. Section D evaluated trust and ethics
through 3 questions on trust levels, human oversight
preferences, and transparency importance. Section E
identified implementation challenges through multiple-
select options. Section F captured overall opinion including

quality improvement, hybrid preference, and open
experiences.
The sample included 16 respondents across HR

professionals, recruiters, students with HR knowledge, and
other professionals. Participation was voluntary and
anonymous. Informed consent was obtained at the survey
start. No personally identifiable information was collected.

Data analysis employed descriptive statistics including
frequency  distributions, means, and percentages.
Calculations were performed using Microsoft Excel.

Thematic analysis was conducted for open-ended responses
to identify recurring patterns and concerns.

5. Results and Discussion
Demographic Profile

Table 1 presents the demographic characteristics of
respondents

Table 1: Sample Characteristics (N=16)

Variable Category Frequency | Percentage

Student 8 50.0%

Role Others 5 31.25%
Recruiter 2 12.5%
HR Professional 1 6.25%

Yes 15 93.75%
Al Knowledge No 1 6.25%
Yes 10 62.5%
Al Usage No 6 37.5%

The sample comprised primarily students (50%) with Al
knowledge background and professionals across various
roles. Notably, 93.75% reported knowledge of Al
recruitment tools. This indicates an informed respondent
base capable of evaluating these systems.

Additionally, 62.5% had direct experience using or studying
Al screening systems. This practical exposure provides
credibility to their perceptions and assessments. Most
respondents (62.5%) had no formal HR work experience,
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though their AI knowledge provided relevant technical
perspective.

Efficiency Perceptions
Table 2 shows efficiency-related responses across three
dimensions.

Table 2: Efficiency Perceptions (N=16)

Question SA|A |N [D|[SD |Mean | Agreement

Al saves time 3 (11 ]2 (0] 0 |4.06 87.5%

Al reduces Workload 4 (101 |1]0 [4.06 87.5%

AT handles volumes 3 /101 |02 |3.75 81.25%

Overall Efficiency - |- 1-1-1- 1396 85.4%

SA=Strongly Agree, A=Agree, N=Neutral, D=Disagree, SD=Strongly Disagree
1.5
y
. |

[ 3%

Mean Score

&5 recruitment time Al reduce

s manual workload Al handles large volumes

Figure 1: Efficiency Perception Scores (Mean scores out of 5.0)

Results strongly confirm efficiency benefits. 87.5% agreed
or strongly agreed that Al saves recruitment time and
reduces manual workload. Volume handling capability
received slightly lower but still substantial agreement at
81.25%.

The overall efficiency mean score of 3.96 out of 5.0
indicates high recognition of operational advantages. This
aligns with Black and van Esch's findings of 75% time
reduction [3]. Two respondents who selected "Strongly
Disagree" for volume handling expressed concerns about
contextual understanding limitations.

Qualitative feedback revealed efficiency gains are most
pronounced in administrative tasks. Resume parsing was
identified as the most beneficial stage by 43.75% of
respondents.  Efficiency diminishes for contextual
evaluation and assessment of non- traditional profiles.

Fairness and Bias Concerns

Table 3 presents fairness-related perceptions across four key
questions.

Table 3: Fairness Perceptions (N=16)
Question Yes No Other
Al screening is fairto all | 6 (37.5%) |9 (56.25%) |1 (6.25%)
Al may introduce bias |13 (81.25%) |3 (18.75%) 0
Human bias lower with AT |11 (68.75%) |5 (31.25%) 0
Regular audits needed 12 (75%) 4 (25%) 0

Significant fairness concerns emerged despite efficiency
recognition. Only 37.5% believed Al screening is fair to all
candidates. More than half (56.25%) disagreed with this

statement.

Critically, 81.25% acknowledged that Al may introduce
bias based on gender, educational background, or other
factors. This reflects awareness of high-profile cases like
Amazon's discriminatory recruiting tool [4]. It validates
ongoing debates about algorithmic fairness in hiring.

Interestingly, 68.75% believed human bias is lower when
Al is used. This reveals a nuanced paradox. Respondents
recognize both human and algorithmic bias exist. They view
Al as potentially reducing subjective human prejudice while
introducing systematic algorithmic discrimination.

This dual perspective echoes research showing different
bias patterns between humans and algorithms [10]. The
strong support for regular audits (75%) demonstrates
practitioners' desire for accountability mechanisms. One
respondent noted that "Fairness depends on how the Al
system is designed, trained, and implemented," highlighting
awareness that system design determines fairness outcomes.

Trust and Implementation

Trust levels showed conditional acceptance. 68.75% trust Al
for fair shortlisting, while 25% remained neutral and 6.25%
disagreed. However, this trust comes with critical caveats.

Respondents overwhelmingly (81.25%) insisted Al should
support not replace human judgment (Mean = 4.13).
Additionally, 75% emphasized transparency importance
(Mean = 3.81). This conditional trust supports augmented
intelligence frameworks [14].

Practitioners value Al as decision-support but preserve
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human accountability for final decisions. One respondent
explicitly noted, "Al screening is not always fair. Human
analytical and judgment skills are essential when hiring for
senior roles that require interpersonal competencies beyond
technical knowledge." This highlights task-dependent trust
and the need for human oversight in complex hiring
decisions.

Table 4 shows the top implementation challenges identified
by respondents.

Table 4: Implementation Challenges (N=16, multiple
selections allowed)

Challenge Frequency | Percentage
Over-reliance on keywords 11 68.75%
Technical errors/glitches 10 62.5%
Lack of contextual understanding 8 50%
Difficulty screening creative profiles 7 43.75%
Data privacy concerns 7 43.75%
High implementation cost 5 31.25%

Percentage of Respondents (%)

Figure 2: Top Implementation Challenges (Percentage of
Respondents)

The top three challenges reveal fundamental limitations in
current systems. Keyword over-reliance (68.75%) indicates
Al's inability to understand semantic meaning beyond exact
matches. Technical errors (62.5%) reflect system reliability
concerns.

Lack of contextual understanding (50%) highlights Al's
struggle with nuanced evaluation.

Multiple respondents noted Al's inability to recognize
qualified candidates with non-standard backgrounds. One
stated, "There have been multiple instances where Al
screening systems rejected experienced candidates solely
due to career gaps, without considering their overall
qualifications and expertise." Another observed, "Al
models may operate based on training patterns that do not
align with company-specific  hiring requirements,
potentially filtering out qualified candidates due to
algorithmic bias rather than actual job fit."

Difficulty screening creative profiles (43.75%) emphasizes
Al's challenges with unconventional career paths. These
non-technical challenges suggest successful adoption
requires realistic expectations about Al capabilities and
limitations.

Hybrid Model Preference
The study's central finding is overwhelming preference for
hybrid approaches. 87.5% agreed or strongly agreed that

hybrid Al-human models represent the best recruitment
method (Mean = 4.06). Only two respondents disagreed,
both students.

While 81.25% believe Al improves recruitment quality,
they insist on human oversight. This consensus validates
research showing human oversight maintains decision
quality while retaining Al's speed advantages [15]. The
preference for hybrid models appears strongest among
experienced professionals who understand the nuances of
hiring decisions.

Resume parsing emerged as the most beneficial stage for Al
application (43.75%). This suggests practitioners see value
in Al for information extraction and administrative tasks.
They remain cautious about Al-driven decision-making in
later stages requiring judgment and contextual evaluation.

Qualitative Insights

Open responses revealed three major themes. First,
efficiency appreciation. One respondent noted, "I had a
positive experience with an Al screening system where my
resume was shortlisted quickly based on relevant skills,
demonstrating the effectiveness of keyword-based
candidate evaluation.” Speed and volume handling were
frequently mentioned as positive attributes.

Second, contextual understanding limitations emerged as a
critical concern. Multiple respondents highlighted Al's
failure to recognize nuanced qualifications. One stated,
"There have been multiple instances where Al screening
systems rejected experienced candidates solely due to
career  gaps, without considering their overall
qualifications and expertise.” Another observed, "AI
models may operate based on training patterns that do not
align with company-specific hiring requirements,
potentially filtering out qualified candidates due to
algorithmic bias rather than actual job fit." A third
emphasized, "AI systems struggle to recognize soft skills
such as interpersonal behavior and tacit knowledge that
are not explicitly stated in resumes.""

Third, recommendations for improvement focused on
human oversight and fairness. One respondent suggested,
"Organizations should either eliminate problematic
algorithmic filters or implement mandatory human review
stages to ensure fair evaluation.” Another advocated, "Al
systems should be designed to ensure fairness and
objectivity, avoiding the subjective biases inherent in
human judgment." Regarding fairness perceptions,
respondents noted that "Fairness depends on how the Al
system is designed, trained, and implemented," and
emphasized that "AI screening is not always fair. Human
analytical and judgment skills are essential when hiring
for senior roles that require interpersonal competencies
beyond technical knowledge."

6. Conclusion

This study reveals users hold nuanced understanding of Al
resume screening. They recognize both opportunities and
risks. Three key findings emerge from the analysis.
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First, efficiency is real but task-dependent. 87.5%
acknowledge time savings particularly for administrative
tasks like parsing and initial filtering. However, efficiency
diminishes for contextual evaluation and assessment of non-
traditional profiles. This supports distinctions between
automatable and judgment-intensive recruitment tasks [14].

Second, fairness concerns persist despite trust. 81.25%
worry about bias introduction and only 37.5% believe Al is
fair to all candidates. This reflects awareness of high-profile
failures and research on algorithmic discrimination [4][10].
The fairness paradox where 68.75% believe human bias is
lower with Al suggests practitioners view Al as reducing
some biases while introducing others.

Third, hybrid models emerge as clear preference. 87.5%
favor combined Al-human approaches. 81.25% insist Al
should support rather than replace human judgment. This
consensus validates augmented intelligence frameworks and
demonstrates practical wisdom about leveraging Al's
scalability while preserving human oversight [14][15].

From a technical perspective, findings highlight need for
improved algorithm design. Future systems require better
explainability, robust bias detection mechanisms, and
enhanced contextual NLP capabilities. Fairness-aware
machine learning techniques, diverse training datasets, and
transparent decision-making processes represent critical
areas for development.

Organizations implementing Al screening should position
systems explicitly as decision-support rather than
replacement. They should implement human review stages,
especially for borderline candidates and senior roles.
Regular bias audits across demographic groups are
essential. Using diverse representative training data helps
mitigate historical bias. Providing transparency about
algorithmic decisions builds trust. Investing in training HR
professionals to effectively oversee Al recommendations
ensures responsible deployment.

The study's limitations include small sample size (N=16)
limiting generalizability. The student-heavy demographic
(50%) may not fully represent experienced practitioners.
Convenience sampling introduces potential selection bias.
Cross-sectional design prevents tracking perception
evolution over time. Self-reported data reflects perceptions
rather than objective system performance.

Future research should employ larger, more diverse samples
across industries and experience levels.

Longitudinal designs can examine how perceptions change
with increased Al adoption and system maturity. Mixed
methods combining surveys with interviews and actual
system performance data would provide richer
understanding. Comparative studies across countries and
regulatory environments would illuminate contextual
factors affecting adoption.

The future of recruitment lies not in choosing between
human judgment and Al efficiency but in thoughtfully
combining both. Al offers undeniable operational

advantages in speed, scalability, and consistency. These can
free HR professionals from administrative burden to focus
on relationship building and strategic talent planning.

However, realizing this potential requires careful
implementation. Fairness, transparency, and human dignity
must be prioritized alongside efficiency. As one respondent
wisely noted, Al should "support HR decisions, not replace
human judgment." This principle should guide all Al
recruitment initiatives moving forward.
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