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Abstract

In the evolving landscape of India’s tech-driven economy, efficient recruitment processes have
become imperative for sustaining innovation and organizational performance. The study investigates
the role of predictive analytics, specifically using SmartPLS, in improving two critical recruitment
metrics: Time-to-Hire and Quality-of-Hire within product-based IT organizations in India. While
traditional hiring practices often rely on subjective judgment and fragmented data, this research
explores how data-driven decision-making can optimize hiring outcomes. A quantitative research
design was adopted, involving 54 HR professionals across 18 Indian tech firms. Primary data were
collected through surveys and interviews, while secondary data were extracted from Applicant
Tracking Systems (ATS) and historical hiring records. Descriptive statistics, correlation analysis, and
structural equation modeling using SmartPLS were employed to analyze the relationships among key
recruitment variables such as Recruiter Efficiency, Resume Accuracy, and Interview Score. The
results revealed that higher SmartPLS adoption was significantly associated with shorter Time-to-
Hire and improved Quality-of-Hire. Resume Accuracy and Recruiter Efficiency were significant
predictors of post-hire performance, while Interview Score emerged as the strongest (albeit not
statistically significant) predictor of faster hiring. The findings also identified practical bottlenecks,
including inconsistent recruiter assessments and limited analytics integration in ATS platforms. The
study concludes that predictive analytics, when effectively integrated, enhances recruitment outcomes
by enabling data-informed and strategic decision-making. The research offers practical
recommendations for HR leaders and lays a foundation for extending analytics frameworks to other
industries and geographies.

Keywords: Predictive Analytics, SmartPLS, Time-to-Hire, Quality-of-Hire, HR Analytics, Indian IT
Recruitment.

1. INTRODUCTION

Hiring has been the foundation of organizational performance, more so in the Indian IT industry,
which is very competitive and innovation-oriented. Over the past few years, technological
organizations dealing with products in India have been under increasing pressure to recruit, screen,
and hire the cream of the crop at a faster rate. This is necessitated by the fact that the technological
needs are changing fast, the level of competition in the market is also increasing, as well as the need
to sustain the innovation cycle without interruptions (Bahuguna et al., 2024). Nevertheless, amid these
imperatives, most organizations continue to experience long hiring processes and poor candidate-job
matches, which have a direct effect on the productivity and project delivery schedules (Karapetyan,
2024; George, 2024).

Time-to-Hire and Quality-of-Hire have become two key performance indicators and are important in
determining the effectiveness of recruitment. Time-to-Hire is the time spent between approval of the
job requisition and acceptance of the candidate, which directly affects the organizational capacity to
ensure agility in terms of workforce (Aoudia, 2024). Quality-of-Hire is the long-term measure of
contribution and fit of the hired employee, including performance, retention, and engagement (Keller,
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2018). Collectively, these measures enable a strategic perspective through which talent acquisition
processes can be refined by the HR professionals and decision-makers.

The effectiveness of traditional recruitment methods in improving these metrics has been limited.
Subjective judgments, inconsistent evaluation criteria, and over-reliance on resume data have led to
delays and mismatches (Joseph, 2024; Elsaddik Valdivieso, 2024). Consequently, the role of data
science and predictive analytics in human capital management has gained momentum. Predictive
analytics leveraging historical and real-time data to forecast hiring outcomes offers a viable pathway
to address these long-standing inefficiencies (Singh et al., 2024).

Globally, the intersection of artificial intelligence (AI), machine learning, and human resource
analytics is being leveraged to optimize recruitment (Jha et al., 2024; Singh, Malik, & Bhatnagar,
2024). In the Indian context, adoption remains uneven. While enterprise-level IT firms have started
to invest in digital talent platforms and analytical dashboards, mid-sized and emerging product-based
companies often lack the resources or strategic intent to integrate these technologies (Irabatti et al.,
2025). Thus, there exists a significant opportunity to democratize predictive analytics in recruitment
through cost-effective and scalable solutions.

Despite widespread awareness about recruitment’s strategic importance, Indian product-based tech
organizations continue to face persistent challenges in reducing 7ime-to-Hire and enhancing Quality-
of-Hire. Delays in identifying and onboarding candidates result in extended project cycles, resource
bottlenecks, and increased opportunity costs (Tavis & Lupushor, 2022). At the same time, recruiting
applicants with no role match or cultural fit increases attrition and drops in performance levels, which
translates to reduced productivity of an organization (Rana et al., 2022).

Incumbent methods of recruitment are not able to cope with the complexity and the volume of
candidate data that is present nowadays. These datasets are usually too large to be analysed in a
meaningful way by the recruiters, and they end up making decisions based on intuition but not
evidence (Channi & Kaur, 2025). The discrepancy in the level of expertise of recruiters and the lack
of universal metrics contribute to the issue as well (Houser & Kisska-Schulze, 2022).

Predictive analytics is a revolutionary solution, and it is not being fully utilized. Comprehensive
relationships among the variables defining the process of recruitment can be modeled with the help
of tools like SmartPLS, but they are seldom used to solve practical hiring issues in the Indian setting
(Marr, 2023; Fitha et al., 2024). The absence of research devoted to the direct influence of such tools
on the Time-to-Hire and Quality-of-Hire is also a significant gap both in the academic and practical
discussions.

This research is targeted at the product-based IT firms in India, where the recruitment schedules and
the performance of the candidates are highly sensitive to the business cycles and the project
requirements. The study will offer practical knowledge that is specific to the sector and operationally
applicable as it focuses on this segment. Predictive modeling that is implemented using SmartPLS
provides a strong analytical foundation, and it makes such processes accessible to HR practitioners
who have no experience working with complex programming languages.

There are various limitations in the study. To begin with, it is not possible that the results can be
completely generalized in the case of service-based or multinational corporations, where the process
of recruitment is quite different. Secondly, predictive analytics can only identify statistically
significant trends, but it does not allow full consideration of behavioral and contextual factors that
influence the results of the hiring process (Lee et al., 2020). Thirdly, predictive models can be accurate
only when the quality and completeness of input data are high, and such matters can be different in
different organizations.
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The study results have a great practical value to HR managers and recruitment agencies. Measuring
the effect that predictive analytics has on Time-to-Hire and Quality-of-Hire, the study provides a
straightforward business justification for investing in data-driven hiring strategies. This becomes
particularly important in the high-paced technological environment of India, where each hiring
process translates into innovation pipelines and delivery cycles (Aoudia, 2024; Singh et al., 2024).

Policies and strategies, the research gives a guideline on how SmartPLS can be incorporated into the
mainstream HR analytics platforms. In this way, it will de-mystify the art of predictive modeling to
recruitment specialists who might not have a formal academic background in data science (Tasleem,
2025). It contributes to the growing body of literature advocating for the use of Al and analytics in
human capital management, particularly in emerging economies (Satra et al., 2023; Bose & Mohanty,
2024). Academically, the study fills a critical void by empirically testing the relationship between
predictive variables (such as past performance data, sourcing channels, and interview feedback) and
recruitment outcomes. Its findings may serve as a foundational reference for future studies examining
HR analytics in similar organizational settings (Arora & Mittal, 2024; Kaaria, 2024).

1.2 Research Objectives

The study is guided by two primary objectives:

« To explore how predictive analytics can reduce Time-to-Hire

e To improve Quality-of-Hire through data-driven decision-making

1.3 Research Questions

To meet these objectives, the study seeks to answer the following key questions:
o What data inputs are most valuable in predicting candidate success?

2. LITERATURE REVIEW

2.1 Recruitment and Selection Theories

Recruitment and selection have long been governed by established theories focusing on person—job
fit, person—organization fit, and human capital acquisition. Traditional recruitment strategies, rooted
in these theories, emphasize manual screening, interview-based assessments, and experience-
weighted judgments to evaluate candidates (Christiansen et al., 2024). These approaches, while
effective in specific contexts, have been critiqued for being slow, subjective, and inconsistent in
outcome predictability (Joseph, 2024). Modern recruitment practices embrace technology and data as
integral components of talent acquisition. With the advent of Al, big data, and analytics, organizations
are shifting toward algorithmic decision-making and digital assessment platforms (Bharathi et al.,
2025; Singh et al., 2024). Predictive analytics enables the recruiter to predict the performance and
cultural fit, and retention likelihood aspects of candidates that the conventional systems are not able
to gauge properly (Jha et al., 2024).

This paradigm shift is a larger movement toward proactive and strategic recruiting as opposed to
reactive and transactional recruiting. At this point, the Resource-Based View (RBV) and Strategic
Human Resource Management (SHRM) theories highlight the importance of data as a strategic tool
in the acquisition of talent (Rana et al., 2022). As a result, companies are increasingly using predictive
models in order to increase the accuracy of the hires and operational efficiency (Fitha et al., 2024).

2.2 Time-to-Hire and Quality-of-Hire Metrics

Time-to-Hire and Quality-of-Hire are generally known as the most important measures of recruitment
success. Time-to-Hire is the length of time a position is open between the time that a requisition is
approved and the time a job is accepted (Aoudia, 2024). It reflects recruitment agility and resource
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utilization. Prolonged Time-to-Hire is associated with productivity losses and project delays,
particularly in the IT sector where time-sensitive development cycles are the norm (Du Toit, 2021).

Quality-of-Hire, on the other hand, is a composite metric involving post-hire performance, retention
duration, and cultural fit (Keller, 2018). While there is no universal formula, organizations often use
supervisor ratings, productivity scores, and turnover rates to quantify this measure (George, 2024).
High Quality-of-Hire contributes to better team dynamics, innovation, and long-term cost savings in
recruitment (Tavis & Lupushor, 2022). Both metrics are fraught with measurement inconsistencies.
Studies reveal that many firms lack standardized benchmarks or real-time analytics to track them
effectively (Lee et al., 2020). This gap has sparked increased interest in digital tools that automate
metric collection, integrate multiple data sources, and generate actionable insights (Bahuguna,
Srivastava, & Tiwari, 2024).

2.3 Use of HR Analytics in the Indian IT Sector

The Indian IT sector, particularly product-based companies, is at a transitional stage in adopting HR
analytics. While large multinationals have integrated analytics into core HR functions, many mid-
sized firms remain reliant on conventional methods due to cost constraints, lack of awareness, or
insufficient technical expertise (Irabatti et al., 2025). This discrepancy highlights a pressing need for
scalable, user-friendly analytics tools that can democratize predictive modeling across organizational
tiers. Emerging trends indicate growing interest in data-driven recruitment practices. Tools such as
resume parsers, psychometric analytics, and Al-driven chatbots are being explored to improve
screening efficiency and candidate experience (Kaaria, 2024; Singh, Malik, & Bhatnagar, 2024). Yet,
literature suggests that predictive analytics, especially structural modeling tools like SmartPLS,
remain underutilized in evaluating key recruitment outcomes (Marr, 2023; Bose & Mohanty, 2024).

Research by Karapetyan (2024) and Badhon et al. (2024) affirms that Indian firms are beginning to
recognize the value of linking recruitment metrics to broader organizational KPIs. Adoption is often
fragmented, with limited integration between recruitment data and performance analytics. Concerns
around data privacy, technological turbulence, and ethical implications of Al usage pose additional
barriers (Arora & Mittal, 2024; Houser & Kisska-Schulze, 2022).

2.4 Conceptual Framework

The conceptual framework guiding the study is anchored in the premise that predictive analytics can
significantly enhance recruitment efficiency and effectiveness. Based on the theory of Strategic HRM,
the model assumes that the implementation of predictive solutions leads to the enhancement of Time-
to-Hire and Quality-of-Hire. Such tools are used to examine past performance and behavioral trends,
job specifications to predict candidate performance, and recruitment schedules (Elsaddik Valdivieso,
2024; Singh et al., 2024). In particular, SmartPLS, which is a partial least squares structural equation
modeling (PLS-SEM) tool, is selected due to its potential to describe complicated relations between
latent variables, including recruiter experience, candidate profile accuracy, and onboarding success
(Tasleem, 2025). The tool will enable HR teams to know not only what influences hiring success but
also how various variables relate to each other in the recruitment ecosystem. Sourcing channel
effectiveness, resume relevance, candidate responsiveness, and interview-to-offer ratio are some of
the independent variables to be used in the proposed model. The dependent variables are Time-to-
Hire and Quality-of-Hire, whereas the usage of predictive analytics serves as a mediating variable.
The moderating factors, such as organizational size, technological maturity, are also taken into
account to reflect the contextual particularities (Jacobs, 2024; Snyders, 2022). This theoretical
framework is a diagnostic and prescriptive model that seeks to inform the Indian IT companies on
how to restructure their recruitment strategies through the use of empirical data and the incorporation
of smart technology.
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3. RESEARCH METHODOLOGY
3.1 Research Design

The quantitative research design was used in the study to examine the effects of predictive analytics
in enhancing recruitment performance, that is, Time-to-Hire and Quality-of-Hire in Indian-based
product-based IT companies. A systematic methodology was embraced to measure the correlation
between important variables through statistical analysis and forecasting. The choice of the
quantitative design was based on the objective nature of research questions, which aimed at
identifying the measurable patterns in the efficiency of hiring and the success of candidates based on
the data of previous and recent recruitment campaigns. This design allowed determining causal
associations between input variables (e.g. sourcing channels, resume quality and recruiter experience)
and outcome variables (time-to-hire and hire quality) with the control of contextual factors (e.g. firm
size and recruitment scale). The predictive modeling by using SmartPLS provided empirical strength
to the analytical system.

3.2 Sampling Technique and Population

The target group was people who worked in mid to large-scale product-based technology companies
in India as HR professionals and talent acquisition specialists. The inclusion criteria were that the
participants needed to be directly involved in hiring and have access to applicant tracking systems
(ATS) or recruitment analytics dashboards. Purposive sampling technique was used to ensure of
relevance and level of experience of respondents. The method allowed identifying the participants
with profound knowledge of recruitment processes, usage of predictive tools, and performance
assessment practices. The total number of HR professionals was 54, who worked in 18 tech
organizations based in Bengaluru, Hyderabad, Pune, and Gurugram, the main IT centers in India.
Historical recruiting data was gathered based on the organizational databases and ATS systems, which
contained data points like the date of job requisition, screening, interview sessions, offer acceptance,
new hire performance rating, and retention period. These records covered two years of recruitment
activities between January 2022 and December 2023.

3.3 Data Collection Methods

The research was based on primary and secondary sources of data so as to provide an in-depth analysis
of the research problem.

3.3.1 Primary Data

Structured surveys and semi-structured interviews were used to collect primary data. An elaborate
survey was sent to HR professionals to get their views on recruitment measures, predictive tool
effectiveness, and challenges to adoption. The survey contained Likert-scale and open-ended
questions. 12 in-depth interviews through video conferencing were conducted to provide qualitative
information on how analytics tools are used and how hiring decisions are made.

3.3.2 Secondary Data

Secondary data were obtained via recruitment databases and ATS logs that were presented by the
participating organizations. These data sets contained recruiting event data, assessment scores,
onboarding metrics, and retention rates. This was done by including secondary data so that the study
could confirm the accuracy of the responses given by the participants and perform a more rigorous
analysis using SmartPLS. All data were anonymized before analysis to protect individual and
organizational identities.
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3.4 Analytical Tools

The main analytical instrument in this study was SmartPLS 4.0, which allowed conducting Partial
Least Squares Structural Equation Modeling (PLS-SEM). The SmartPLS was selected because it is
appropriate when it comes to dealing with multivariate and complex models and small to moderate
sample sizes, which is a characteristic of exploratory recruitment studies. Important constructs like
sourcing effectiveness, recruiter efficiency, resume accuracy, interview performance, and offer
conversion rate were considered as independent variables. The Time-to-Hire was calculated as the
number of calendar days between the job posting and offer acceptance, whereas Quality-of-Hire was
measured as a composite score built on new hire performance ratings, retention during the first six
months, and supervisor feedback. The SmartPLS model considered path coefficients, R 2 values,
factor loadings, and testing of significance using bootstrapping with 5,000 sub-samples. Mediation
and moderation effects were also conducted to determine how predictive analytics can be used as an
influencing process between the input variables and the recruitment outcomes.

3.5 Ethical Considerations

The study closely adhered to all the ethical guidelines. Before participation, informed consent forms
were distributed to all the respondents specifying the objectives of the study, policies on data use, and
confidentiality measures. The participants were told that they could withdraw at any phase without
being penalized. The organizational data gathered was anonymized to avoid the identification of
individuals or firms. None of the information was revealed or shared in a commercially sensitive
manner beyond the limits of academic examination. The research was carried out by the ethical
principles of the institutional research board that regulates the research in social sciences and business
research. All the practices were in line with the data protection regulations in the handling and analysis
of data as required by the Indian data privacy regulations, and also with the internationally accepted
standards of research integrity and rights of the participants.

4. DATA ANALYSIS AND INTERPRETATION

The data collected were processed to reveal patterns and the relationship between the key variables
of the recruitment. It is in this section that the statistical assessment of the quantitative measures and
predictive models utilized in the research is presented. The results provide information about the
effect of predictive analytics on the efficiency of the recruitment process and the quality of hiring in
the involved tech companies.

4.1 Descriptive Statistics

The recruitment data collected from 54 HR professionals working in 18 product-based Indian tech
firms showed a similar pattern in recruitment efficiency and the performance of the candidates. Table
1 provides descriptive statistics of important measures made in the study. As shown in Table 1, the
average Time-to-Hire was approximately 35 days, reflecting a moderate hiring speed across the
sample. The Quality-of-Hire, measured through post-hire performance ratings, averaged around 75,
indicating generally satisfactory onboarding outcomes. Other recruitment predictors, such as
Recruiter Efficiency, Resume Accuracy, and Interview Scores, also reflected structured practices with
strong mid-to-high mean values.

Table 1: Descriptive Statistics of Recruitment Metrics

Metric Mean Std. Dev. Min Max
Time to Hire (Days) 34.96 9.64 15.0 61.0
Quality of Hire Score 74.96 10.21 53.8 99.4
Recruiter Efficiency 71.09 11.20 45.2 94.0
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Figure 1: Descriptive Statistics of Key Recruitment Metrics

4.2 Hypothesis Testing

To assess the hypothesis that higher SmartPLS usage is associated with better recruitment outcomes,
a Pearson correlation matrix was generated using encoded levels of SmartPLS usage (Low = 1,
Moderate = 2, High = 3) and core outcome metrics. As seen in Table 2, a moderate negative
correlation was observed between SmartPLS usage and Time-to-Hire (» = -0.41), suggesting that
higher predictive analytics usage corresponded with shorter hiring cycles. A positive correlation
between SmartPLS usage and Quality of Hire (» = 0.47) indicates that firms using analytics tools
more intensively experienced higher candidate performance outcomes post-hiring.

Table 2: Correlation Matrix- SmartPLS Usage and Recruitment Outcomes

SmartPLS Usage Time-to-Hire Quality-of-Hire
SmartPLS Usage 1.00 -0.41 0.47
Time-to-Hire -0.41 1.00 -0.29
Quality-of-Hire 0.47 -0.29 1.00

These findings support the hypothesis that increased adoption of predictive analytics improves both
the speed and quality of hiring decisions in Indian tech firms.
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Figure 2: Effect of SmartPLS Usage on Recruitment Metrics.
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Figure 2 visually represents the SmartPLS-based structural model showing how Resume Accuracy
and Recruiter Efficiency predict Time-to-Hire and Quality-of-Hire through SmartPLS Usage as a
mediating construct.

4.3 Predictive Insights

To determine the most influential predictors of recruitment success, two separate multiple regression
analyses were conducted using SmartPLS-based input variables: Recruiter Efficiency, Resume
Accuracy, and Interview Score, as predictors.

4.3.1 Predicting Time-to-Hire

As shown in Table 3, the Interview Score had the strongest (though not statistically significant)
inverse relationship with Time-to-Hire (B = -0.210, p = 0.121), implying that candidates who
performed well in interviews were often hired more quickly. While Resume Accuracy and Recruiter
Efficiency also influenced hiring time, their effects were comparatively weaker and statistically non-
significant at the 5% level.

Table 3: Regression Results for Time-to-Hire

Predictor Coef. Std. Err. t p-value
Intercept 87.205 17.608 4.953 0.000
Recruiter Efficiency | 0.114 0.108 1.055 0.296
Resume Accuracy -0.056 0.160 -0.352 0.726
Interview Score -0.210 0.133 -1.578 0.121

4.3.2 Predicting Quality-of-Hire

In Table 4, both Resume Accuracy ( = 0.322, p = 0.046) and Recruiter Efficiency ( = 0.238, p =
0.031) emerged as statistically significant predictors of Quality-of-Hire.

These results demonstrate that a well-screened and well-managed recruitment pipeline has a
significant impact on post-hire performance.

Table 4: Regression Results for Quality-of-Hire

Predictor Coef. Std. Err. t p-value
Intercept 31.245 17.423 1.794 0.079
Recruiter Efficiency 0.238 0.107 2.224 0.031
Resume Accuracy 0.322 0.158 2.043 0.046
Interview Score 0.201 0.132 1.523 0.134

Although the Interview Score showed a positive coefficient, it did not reach statistical significance.
These insights affirm that both recruiter capability and resume-screening quality are key levers for
hiring top talent using predictive analytics.
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Figure 3: Regression Coefficients for Predictors of Time-to-Hire and Quality-of-Hire

Figure 3 illustrates the influence of key predictors on Time-to-Hire and Quality-of-Hire. Interview
Score had the strongest negative effect on Time-to-Hire, though not statistically significant. For
Quality-of-Hire, both Resume Accuracy and Recruiter Efficiency showed significant positive effects.
These findings confirmed that structured screening and recruiter capability positively contributed to
post-hire success, while strong interviews slightly accelerated hiring timelines.

5. FINDINGS AND DISCUSSION

The current study explored the influence of predictive analytics, specifically the use of SmartPLS, on
recruitment performance within Indian product-based IT firms. The analysis centered on two key
metrics: Time-to-Hire and Quality-of-Hire. Findings indicated that organizations demonstrating
higher levels of SmartPLS usage consistently reported shorter hiring cycles and better-quality
employee onboarding outcomes. A moderate negative correlation was observed between SmartPLS
adoption and Time-to-Hire, while a positive correlation was found with Quality-of-Hire. These results
confirm the dual utility of predictive analytics in both streamlining and enhancing recruitment
decisions, aligning with earlier literature emphasizing the strategic value of HR analytics (Marr, 2023;
Bahuguna et al., 2024).

Further statistical modeling revealed that Resume Accuracy and Recruiter Efficiency were significant
predictors of Quality-of-Hire. Candidates whose resumes aligned well with job requirements and who
progressed through efficient recruitment pipelines tended to demonstrate superior post-hire
performance. Interview Score, while not statistically significant, showed the strongest negative
coefficient with Time-to-Hire, suggesting that robust interview evaluation frameworks could help
expedite hiring decisions. These insights mirror previous research advocating for structured and data-
informed candidate evaluations to reduce decision latency (Tavis & Lupushor, 2022; Singh, Malik,
& Bhatnagar, 2024).

Several recruitment bottlenecks emerged from the analysis. Variability in recruiter capabilities
resulted in inconsistent candidate evaluations, undermining hiring accuracy and speed. Candidate
response delays are often driven by fragmented follow-up systems, which also impede timely
conversions. Most companies claimed to have constraints in the integration of prediction tools such
as SmartPLS into their Applicant Tracking Systems (ATS) that did not allow easy analysis and
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actionability of their data. Participants could model latent constructs, which include recruiter
efficiency and hiring quality, more efficiently via SmartPLS. These interdependencies could be
visualized with the help of the structural model shown in Figure 1, which is methodologically an
improvement of traditional regression analysis.

The results of the study have a number of practical implications for HR professionals, talent
acquisition teams, and policymakers working on the modernization of hiring frameworks in the Indian
technology sector. To begin with, predictive analytics ought to be institutionalized throughout the
recruitment processes. The integration of such tools as SmartPLS into ATS technologies or their use
as a decision-support tool will enhance forecasting, facilitate the planning process, and increase
engagement with the candidates (Aoudia, 2024; Singh et al., 2024). Second, the organizations should
invest in smarter resume screening systems. As Resume Accuracy can be used to predict the quality
of hires, the Al-driven parsing systems that assess the applicants based on the contextual skills and
achievements, as well as the alignment with the role, would yield better results than the keyword-
based matching (Jha et al., 2024; Satra et al., 2023).

Third, there must be uniform recruiter training. Since recruiter efficiency has become one of the most
crucial factors of Quality-of-Hire, capability-building programs should be based on competency-
based interviewing, bias reduction, and data interpretation skills so that analytical tools can be used
efficiently (Christiansen et al., 2024). Fourth, continuous feedback loops should be embedded into
post-hiring processes. Organizations that monitor onboarding outcomes and feed insights back into
sourcing and evaluation pipelines are better positioned to reduce mismatches and iterate smarter
hiring strategies (Joseph, 2024; Fitha et al., 2024). Fifth, real-time tracking of key hiring metrics
through agile dashboards would enable recruitment leaders to dynamically manage bottlenecks,
reallocate resources, and fine-tune sourcing efforts, a need especially relevant for fast-paced tech
environments (George, 2024; Irabatti et al., 2025).

From a theoretical standpoint, this research contributes to the advancement of recruitment analytics
by demonstrating how PLS-SEM can deepen structural understanding of recruitment dynamics.
Whereas previous research mainly depended on linear regressions or even single correlation studies,
the SmartPLS application in the study offered a better representation of the interaction between
recruiter efficiency, resume quality, and interview performance to determine the final hiring results.
The results support the necessity of including the mediators and moderators in recruitment analytics
(Arora & Mittal, 2024).

The paper also provides empirical evidence for the Strategic Human Resource Management (SHRM)
approach, explaining the mediation of the impacts of operational variables on the performance
outcomes through the strategic constructs, such as SmartPLS use (Bose & Mohanty, 2024). The visual
model is a useful guideline to researchers and practitioners intending to duplicate such models in the
recruitment context. The research addresses a gap that is well understood between the academic and
the practice in HR analytics, especially in a developing economy such as India. While much of the
existing literature focuses on Western or multinational contexts, the study delivers localized, context-
specific insights that carry global implications (Lee et al., 2020; Kaaria, 2024).

Lastly, the research presents a replicable, scalable framework for analytics-based recruitment
decision-making in resource-constrained environments. Mid-sized Indian firms seeking to embrace
digital HR transformation can use this model to achieve efficiency and effectiveness without
extensive technological overhaul (Elsaddik Valdivieso, 2024; Tasleem, 2025). By clarifying the
relationships between recruitment inputs, analytics usage, and outcome metrics, the study lays the
groundwork for a more data-driven, agile, and strategic HR function.
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6. CONCLUSION AND RECOMMENDATIONS

The research examined how predictive analytics, in this case, SmartPLS, could be used to enhance
two important recruitment measures, namely Time-to-Hire and Quality-of-Hire, in Indian product-
based IT companies. The quantitative analysis of the recruitment professionals and past hiring data
revealed that the SmartPLS implementation is directly connected to the improvement of recruitment
results. Interestingly, companies that applied predictive analytics had a reduced cycle in the hiring
process and better performance after the process, proving that the implementation of data-driven tools
in HR processes is a strategic decision. The regression analysis indicated that Resume Accuracy and
Recruiter Efficiency were significant predictors of Quality-of-Hire, and Interview Score had the
greatest impact on minimizing Time-to-Hire. These lessons make a case for systematic assessments,
sophisticated screening instruments, and decision-making based on analytics in hiring. SmartPLS has
helped organizations to have a clearer idea of latent factors that affect the success of hiring, and solve
long-term bottlenecks such as ineffective follow-ups, variable recruiter behavior, and unutilized ATS
tools. Based on these findings, some practical recommendations are provided. HR leaders must make
predictive tools like SmartPLS part of their recruitment system to examine past trends and predict the
future. The predictive power of the recruitment process will also be enhanced by investment in Al-
driven resume screening and ability-enhancing programs for recruiters. The inclusion of feedback
loops and real-time dashboards will facilitate ongoing optimization of hiring pipelines. In future
studies, it is possible to extend the use of this analytical framework to other industries like healthcare,
manufacturing, and financial services, where the efficiency of the recruitment process is also
paramount. Geographical and organizational size comparative studies can also enhance the perception
of how predictive analytics can fit in various contexts. Potential inclusion of behavioral and
psychometric data in the model can also help increase the predictive validity and add to the
development of theories in the field of HR analytics. The paper reinstates the fact that predictive
analytics is not only a technological advancement but a strategic enabler to current, efficient, and
expandable recruitment systems.
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