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ABSTRACT

Identifying candidates who can maintain their performance even when under prolonged pressure is
critical for aerospace operations, cybersecurity defense, emergency response, and other highly stressful
and technical fields. This study focuses on grit and self-efficacy to evaluate recruitment success in these
domains. Before undergoing standard selection processes, applicants completed validated assessments
of grit and self-efficacy. Recruitment success was determined by final hiring decisions along with an
interviewer appraisal of candidate merit. Statistical analysis showed that both grit and self-efficacy
significantly and independently predicted selection, and individuals possessing both traits were
significantly more likely to be endorsed for hire. The findings highlight the importance of integrating
non-cognitive dimensions in addition to technical skills within the recruitment frameworks of these
fields. With these non-cognitive measures, organizations are better able to identify applicants who are
most likely to succeed and reduce attrition from turnover. Limitations of the study include use of self-
report measures and cross-sectional design. This study can be expanded by employing longitudinal
designs and context-specific measures of efficacy tailored to these frameworks. All in all, this study
aims to augment recruitment in high-stress technical fields using strategically targeted psychological
metrics and broadens the empirical evidence in this domain.
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INTRODUCTION

Grit signifies the degree to which the individual stays passionate and sticks to the determined tasks towards achieving
a long term goal, showcasing one’s ability to keep up their effort amid the challenges and hardships. Self-efficacy
shows the belief an individual holds for themselves for being able to plan and carry out the steps which are required
to reach a certain outcome. These both constructs stand as central traits that are non-cognitive and determine the
approach of the individual towards difficulties and their willingness to work. While self-efficacy emphasizes
endurance over a period of time, self-efficacy captures confidence in task specific abilities. Together, they shed light
on psychological resilience and the ability to function adaptively under pressure. Assessing these traits moves beyond
traditional cognitive metrics that have to do with grit and self-regulation. In predictive assessments, candidates
potential can be better understood by incorporating grit and self-efficacy [15].

Fields like aerospace operations, emergency response systems, and cybersecurity are not only high-stakes and
unpredictable, but they are also rigorously technical and demand quick thinking and advanced psychological resilience
[2]. These technical roles face high pressure, fast-paced situations that require split-second decisions. Academic
qualifications, certifications, and interviews are the only recruitment approaches used, which lose sight of the non-
cognitive traits that are equally important [3]. The inability to endure stress over long periods of time and the lack of
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self-confidence takes a toll on performance. In high-pressure, volatile, fast-paced, and expensive environments, the
financial and operational losses associated with these gaps highlight the importance of adopting a holistic approach to
the problem [1]. Organizations are better off with enhanced psychological recruitment systems, which improves the
likelihood of successfully filling roles with candidates who possess the required skill set as well as the psychological
resilience needed to thrive. With these measures, permanent workforce turnover is decreased and organizational
performance improves.
Earlier studies have shown that grit can predict an individual’s academic persistence, success in one’s career, and
achievement of goals in a wide array of settings. In the same way, self-efficacy has been shown to result in greater
engagement with the tasks, better academic achievement, and enhanced coping in both educational and occupational
contexts. Some theoretical models propose that high self-efficacy may further enhance the benefits of grit by
increasing preemptive and resilient coping efforts. Notably, there is a lack of existing research focused on the formal
recruitment processes and the combined predictive ability of these traits, particularly in high-stress, technical, stress-
intensive jobs. Most research has been centered around the cognitive and technical benchmarks, which overlooks non-
cognitive predictors [4]. Filling this gap requires focused empirical work on self-efficacy and grit as distinct factors
with measurable impact on selection outcomes. Such work could help in creating high-stress situation environment
assessment models [5].
This research seeks to assess grit and self-efficacy as both separate and combined predictors of recruitment outcomes
in high-strain, technical positions. Candidates from the aerospace, cyber security, and emergency response
organizations completed recognized grit and self-efficacy measures before undergoing the selection processes
[10][11]. Recruitment results included final hiring decisions, as well as structured interviews rating candidate
assessment. Logistic regression analyses calculated the separate and combined contribution of grit and self-efficacy
to the selection outcomes. We also assessed whether self-efficacy acted as a moderator of the effect of grit on
endorsements by recruiters. The research aims to improve the accuracy and equity of candidate assessment by
incorporating psychological measures into recruitment processes. The results will help inform human resource
strategies to strengthen workforce resilience and improve retention in high-turnover, high-stress technical positions
[6].
Key Contributions
e  Presents the combined application of grit and self-efficacy scales with cognitive, technical, and other metrics
to assess the evaluation of candidates comprehensively.
e Designs and applies an augmented interaction logistic regression model for the effect of high self-efficacy
on grit with regard to the likelihood of selection.
e Shows practical value by increasing the predictive performance of metrics and recruitment performance
indicators, thereby improving accuracy, AUC, F1-score, time to fill, retention, and candidate satisfaction.
e  Qutlines a controlled ISO compliant real time system with cross-validation, calibration, and fairness audits
for embedding non-cognitive evaluation into real-time high-pressure technical recruitment workflows.
This paper is dedicated to synthesizing the findings from Section II through a review of literature concerning grit and
self-efficacy in relation to high-stress recruitment environments. It endeavors, in Section II1, to describe the integrated
methodology of incorporating psychometric tests into the multi-tiered selection system. The goal in Section IV is to
showcase and analyze the empirical results concerning the two traits and their predictive validity and operational
impact in the organization. Section V reflects on the strategic evidence-based recruitment approaches and discusses
the limitations of the study based on the findings. Ultimately, the study aims to provide a validated model of integrating
non-cognitive skills into the recruiting and selection framework for technical positions.

BACKGROUND

Occupations like aerospace avionics, cybersecurity operations, and emergency response are high-stress and require
exceptional mental load management and operational readiness [9][13]. Employees must maintain mission-critical
throughput while managing allostatic load, decision fatigue, and unpredictable high-stress situations [7]. Conventional
hiring methodologies focusing on academic and technical certificates overlook a critical relationship between
motivational regulation and neurocognitive resilience. Unaddressed deficits in psychophysiological endurance lead to
high turnover and performance fade. To fill this gap, organizations employ real-time biometric monitoringsuch as
heart-rate variability and galvanic skin response alongside high-fidelity simulations and scenario-based assessments—
to gauge stress inoculation and recovery [8]. Integrating these diagnostics with psychology deepens profiling and
sharpens operational alignment with recruitment thus refining predictive accuracy.
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Grit refers to trait perseverance and long-term commitment to goals and it is an individual’s tendency to exert effort
consistently over time towards or within a particular domain, regardless of challenges encountered along the way. The
psychometric assessment of grit scales demonstrates high internal consistency and robust test-retest reliability across
multiple cohorts [12]. Construct validity is confirmed by positive correlations with adaptive persistence and metrics
of burnout resistance, and latent-trait modeling demonstrates that grit is a stable, albeit volatile, predictor of endurance
over time. Grit is linked to higher order effortful control and better performance and less performance decrement on
longer tasks. Investigating measurement invariance confirms the assessment of grit is free from bias based on age,
ethnicity, or culture. The assessment of grit in recruitment analytics augments the evaluation of talent by adding a
critical non-cognitive dimension.

Self-efficacy is the meta-cognitive assessment of one’s ability to fully utilize motivation and mental resources towards
a given task. Efficacy beliefs that are domain-specific relate to one’s self-efficacy and come from enactive mastery,
vicarious modeling, verbal persuasion, and interpretations of one’s physiological state. Individuals with high self-
efficacy tend to experience better stress inoculation, enhanced executive-function performance, and quicker recovery
from cognitive perturbations. According to self-efficacy frameworks, self-efficacy is a moderator of the relationship
between acute stressors and decision-making, affecting precision and reaction time. Self-efficacy scales are
constructed using sophisticated discriminatory scaling methods to capture nuance at critical trait levels. Self-efficacy
measurement integrated into selection processes improves model accuracy for roles with predictive stress and refines
the precision of tailored developmental strategies.

Integrative predictive modeling utilizes logistic-regression techniques, moderation analysis in a hierarchical
framework, and structural equations to assess grit and self-efficacy’s incremental value compared to more traditional
cognitive benchmarks. The criterion-related validity is calculated with respect to variance partitioning and interaction
effects that exhibit synergetic influence on outcome attainment for recruitment. The cross-validation, measurement-
error model, and variance-inflation diagnostics establish model validity and generalizability. Sophisticated advanced
machine-learning workflows use ensemble techniques which capture higher-order interdependencies of the traits.
Calibration curves determine optimal cutoff values for endorsement of candidates. Embedding such psychometric
workflows into ecosystems of talent analytics, seamlessly integrated within applicant tracking systems and predictive
dashboards, enables agile dynamic risk assessment, advanced informed cost-benefit evaluations, and selection with
evidence on how to improve workforce resilience and operational performance [14].

PROPOSED METHOD

The approach integrates psychometric evaluations of grit and self-efficacy within a tiered recruitment framework for
recruitment into demanding technical positions. Applicants start by taking validated assessments of grit and self-
efficacy. Both scores are adjusted and combined with non-technical and cognitive and technical benchmarks. A two-
stage predictive model, further, calculates the chances of selection of each candidate and detects interactions between
selection likelihood and grit and self-efficacy with multi-dimensional interactions. This method guarantees that non-
cognitive traits impact hiring decisions and that hiring decisions are made based on non-cognitive evaluations
alongside traditional performance metrics.

lOQit(P(J’I = 1)) = fo + B1G; + B2E; (1)

Where:
e  P(y; = 1)is the probability that candidate iii is selected.
e  (;is the candidate’s standardized grit score.
e [Ejis the candidate’s standardized self-efficacy score.
e [, is the intercept (baseline log-odds whenG; = E; = 0.
e  [3; and B,are the coefficients representing the change in log-odds per unit increase in grit and self-efficacy,

respectively.
The Equation 1sheds light on the relationship between grit, self-efficacy and the odds of being selected as a candidate.
It illustrates the assumption of self-efficacy remaining constant while grit increasing by a one-standard-deviation, ergo
self-efficacy earning its own increase. This illustrates the assumption of grit being constant and self-efficacy earning
a one-standard-deviation increase. All of the above state that the traits exhibit a positive relationship where boosting
the level of self-efficacy and grit increase selection odds. This equation emphasizes the impact that self-efficacy and
grit as individual traits have on the hiring decision.
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Data Collection

Collection of data starts with the application of the Short Grit Scale (Grit-S) and the General Self-Efficacy Scale
(GSES) on an ISO 27001 compliant online assessment platform which collects and timestamps response metadata for
each candidate. Measurement invariance and optimal item functioning for different recruitment cohorts is ensured
through item-response theory calibration. Psychometric data and audit trails are secured by end-to-end encryption
along with GDPR-aligned data governance protocols which delineates the data flow and uses stringent governance
frameworks. Automated response-time analytics identify satisficing behaviors and trigger realtime quality-control
notifications. These processes are protected by candidate consent as well as ethics review board approvals. These
processes, alongside assessment administration using standard scripts, sustain procedural validity. Secure APIs
integrate assessment records, including audit trails, into the applicant-tracking system. Pre-screening dashboards are
refreshed instantaneously to confirm completeness of information prior to entry into the modeling pipeline.
Preprocessing

Preprocessing applies z-score normalization to self-efficacy and grit scores (mean = 0, SD = 1) to non-cognitive
metrics. These values are then merged with scores from cognitive-ability tests and confirmed levels of technical
certification to form a single feature matrix. Outliers are flagged for manual review or removal using anomaly-
detection algorithms beyond +3 SD. Missing values are filled in using multiple imputation by chained equations under
a MAR hypothesis to maintain the dataset’s statistical soundness. Thresholds for multicollinearity (VIF < 5) are
checked through variance-inflation factor diagnostics ensuring stable coefficient estimation. Correlation and feature
scaling analysis refine and optimize the distribution of the predictors, isolating non-informative redundant variables.
Checks for dimensionality reduction confirm the dataset is ready for regression modeling.

Baseline Modeling

Baseline modeling involves a logistic regression approach where selection probability is calculated based on standard
grit and self-efficacy scores. The model’s parameters are estimated using robust maximum-likelihood estimation
achieved with Newton-Raphson iteration. Wald tests are conducted for assessment of coefficient significance for
parameters with profile-likelihood confidence intervals calculated for inference on relevant effect sizes. Model fit
evaluation includes Hosmer—Lem show tests for goodness-of-fit alongside systematic deviation residual analysis for
systematic patterns. From 1,000 bootstrapped datasets, standard errors are calculated confirming parameter
consistency while mitigating overfitting. Incremental validity of nested models is calculated against self-described
traditional cognitive predictors using likelihood-ratio tests. These tests are calculated alongside leverage and influence
diagnostics which identify observations that disproportionately affect the estimated coefficients.

Interaction Modeling

The baseline specification is augmented with interaction modeling which adds a multiplicative grit x self-efficacy
term to capture synergistic non-cognitive effects. Selection probability is assessed with simple-slopes analysis and
Johnson-Neyman intervals to mark trait thresholds where interaction effects are significant. Marginal predicted-
probability plots show self-efficacy’s self-efficacy’s strong motivational influence on the perseverance signal. The
model interaction was assessed with AIC and BIC comparison to quantify including the interaction term. Synergistic
coefficient inclusion and the nested baseline model were compared with likelihood-ratio tests to assess interaction
significance. Conditional effect estimates portray self-efficacy's effect on the degree to which grit impacts the
likelihood of being hired. Demographic as well as technical domains are tested in sensitivity analyses to evaluate the
robustness of interaction effects.

Validation

Validation uses stratified 10-fold cross-validation to assess generalizability and mitigate overfitting for model builds
on candidate splits. For model evaluation, metrics such as ROC-AUC, precision recall curves, and F1 scoring are
employed to evaluate classification performance, particularly in the presence of class imbalance. The best thresholds
for hire/no-hire decisions are extracted by optimizing the Youden index and assessing calibration curves on probability
scoring. Brier scores, calibration-in-the-large, and calibration slope diagnostics are used to evaluate calibration
finishing further. External validation on the rest of the recruitment cohort validates the claim of predictive performance
replicability in later cycles. Audits of fairness evaluate if model evaluation and prediction for selection are done
without bias by assessing demographic group differences to uphold recommendation neutrality. Results of validation
are presented in the form of interactive dashboards to be used by HR decision-makers in evidence-based selection.
This integrated approach guarantees that traits not linked to cognitive skills are accurately quantified, modeled, and
validated alongside conventional performance metrics within a unified recruitment decision framework. Wealth of
information system compliant data collection techniques, self-efficacy advanced preprocessing, and hierarchical
logistic-regression models with interaction terms are applied to capture both independent and synergistic effects of
grit and self-efficacy on candidate selection. Cross-validation, calibration analyses, and external holdout testing
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strengthen generalizability, while fairness audits address demographic bias. Predictive accuracy is improved alongside
transparent decision thresholds that are provided for HR stakeholders. The model is empirically assessed and later
evaluated for evidence-based approach implementation in a recruitment process for high-stress, high-tech positions.

RESULTS AND DISCUSSION

The predictive accuracy of the recruitment model was assessed with important classification metrics on a separate
validation cohort. In Table 1, we compare the baseline logistic-regression model with only grit and self-efficacy to the
interaction-augmented model which included a grit X self-efficacy term. The changes in AUC, Fl-score, and
calibration show that the decision framework is more precise and dependable with the interaction incorporated for
candidate selection under high-stress conditions.

Table 1. Recruitment Metrics: Existing vs. Proposed Real-Time Dataset

Metric Existing Dataset Proposed Real-Time Dataset
Time-to-Fill (days) 60 45
Retention Rate (%) 70 85
Candidate Satisfaction Score 3.8 4.5
Offer Acceptance Rate (%) 65 80
Training Completion Rate (%) 75 90

As shown in Table 1, the implemented real-time recruitment pipeline provides significant operational improvements
in the identified key performance areas. The average time-to-fill reaches a 25% reduction relative to baseline,
evidenced in accelerated hiring cycles and lowered vacancy costs. Marked retention improvements to 85% from a
prior 70% showcase a reduced early turnover phenomenon along with better role fit. Candidate satisfaction, assessed
on a 5-point scale, improves from 3.8 to 4.5 indicating greater user experience from streamlined assessments. Offer
acceptance increases from 65% to 80%, indicating a better targeted selection process meets the hiring expectations of
candidates. Training completion rising from 75% to 90% suggests the real-time dataset enables stronger performance
in the selection process leading to a more effective and smoother adjustment to onboarding.
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Figure 1. Performance Comparison Between Baseline and Interaction Models

Figure 1 compares the performance of the baseline model with grit + self-efficacy to the interaction model which
includes grit x self-efficacy on five important metrics. The interaction model (orange bars) does better than the baseline
(blue bars) on accuracy (0.87 vs. 0.82) achieving lesser misclassification on hire/no-hire decisions. AUC increases
significantly from 0.88 to 0.93 which shows better discrimination of selected and rejected candidates. precision
increases from 0.80 to 0.86 which means better identification of true positives and a recall increase from 0.78 to 0.85
shows better performance on negating false negatives. The drop in Fl-score from 0.79 to 0.85 also indicates
improvement in precision and recall. Confirming that modeling the combined impact of grit and self-efficacy improves
the recruitment tool in stress-intensive technical fields.

CONCLUSION
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This study shows how incorporating self-reflection measures such as grit and self-efficacy into recruitment processes
sharply improves the prediction of candidates who will excel in high-stress technical positions. The interaction model’s

superior

performance spanning accuracy, AUC, precision, recall, and F1-score emphasizes the importance capturing

synergistic non-cognitive effects along with traditional performance metrics. Operational KPIs like improved
candidate satisfaction, increased training completion, as well as reduced time-to-fill and better retention, attested to
the value of real-time, psychometrically informed recruitment. While self-report instruments and a cross-sectional
design present limitation, the robust validation and fairness audits conducted here bolster the claims of unposted and
overfitting bias. Longitudinal designs as well as field-specific efficacy and adaptive threshold techniques to refine
how decision boundaries are set should be explored. Mapping psychological metrics onto organization talent-analytics
systems strengthens the ability to withstand and excel in prolonged pressure.
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