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Abstract: The needs of data-driven processes in healthcare, finance, energy, and even artificial intelligence have prompted the
creation of custom mentoring strategies introduced to big data teams. Interdisciplinary work, rapid technology change, and staff
turnover are some of the special issues that are linked to such teams. A big data environment is project-based, volatile, and hybrid,
which does not augur well with the classic models of mentoring. The review is directed towards a critical evaluation of theoretical
models, empirical research and organisational practices, which contain information about effective mentoring structures in this
regard. The propositional model is designed with the dimensions of key elements being of mentor competency, contextual alignment,
communication structure, and feedback. Experimental data confirms these results on the effectiveness of structured mentoring in
improving the implementation of an undertaking, developing the technical competencies, and the satisfaction of the staff. The review
concludes by offering a recommendation to conduct longitudinal and cross-sector research that can expand the scalability, equity as

well as sustainability of mentoring systems of data-centric teams.

Keywords: Big Data Teams; Mentoring Strategies; Data Science Workforce; Technical Mentorship; Organisational Learning;
Interdisciplinary Collaboration; Performance Outcomes; Skill Development; Knowledge Transfer; Team Retention.

INTRODUCTION

Big data has been transforming how people are
organised and how the workforce is organised, and
a lot of reliance on big data has been done in most
industries, and hence a significant requirement to
employ certain practices of mentorship to big data
teams. Big data is a discipline that, with the
attributes of volume, velocity, variety, and
veracity, would be wused in interdisciplinary
practices that would include the knowledge of data
engineering, machine learning, and statistics in
addition to the domain-specific knowledge (Laney,
D. 2001). Mentoring within the big data context
can no longer be considered as what the current
training models have always established, but as a
place where mentoring or problem-solving takes
place both in collaboration and cognitive arthood
and skill development (Provost, F., & Fawcett, T.
2013).

One can say that big data analytics have become a
strategic asset in fields such as healthcare,
financial ~ services, telecommunications, and
energy, where the business world is rapidly turning
into a digital one. To illustrate the point, the
healthcare systems have witnessed a data tsunami
that led to the integration of electronic patient
health records, genomics, and real-time patient
monitoring systems that require special analytic
abilities (Raghupathi, W., & Raghupathi, V. 2014).
Equally, the renewable energy industry is
increasingly dependent on information-based
decisions to streamline grid power, predict
hardware breakdowns and even simulate energy
use statistics (Hu, J., & Vasilakos, A. V. 2016).
These technological innovations in this sector have

increased the demand for professionals in the big
data sector and, by extension, the innovations have
created the necessity of employing high-end
mentoring systems that could support their
development.

The problem of mentoring in general and big data
teams, in particular, is underrepresented within the
research on organisation and management, as
much as it has been receiving even greater
emphasis due to the increased demand for
successful mentorship. Traditional mentoring
approaches have centred on top-to-bottom transfer
of knowledge and long-term, growthive mentoring
relationships that may not augur well with the
high-performance and  project-oriented and
collaborative requirements and characteristics of
big data environments (Crisp, G., & Cruz, I. 2009).
The work organisation of interdisciplinary (and
often distributed) teams that assemble big data
volumes also poses a problem of coordination of
mentorship, in particular, in the communication
between team members, equitable allocation of
material to the team resources, and the ability to
apply various technical skills (Berman, J. J. 2013).

The fact that it is very hard to bridge the skills gap
between the team members is one of the
challenges, since they may be very different when
it comes to their level of education and technical
skills. 1t is all too often that the mentors are
supposed to offer guidance, on-the-fly, when the
project demands are undergoing constant
transformation, and to build autonomy and provide
accountability, a dynamic relationship that
demands a dynamic and situational mentoring
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approach (Salas, E. et al., 2012). There is also the
issue of data governance and correct usage of data
and compliance with privacy laws, which further
complicates the issue and which mentors have to
consider in order to ensure that there is proper
compliance with professional integrity and the
laws of the land by mentees (Mittelstadt, B. D. et
al., 2016).

There is very little literature offering information
on the structures of mentoring that directly
concerns the specific requirements of big data
teams. The available research is usually
generalised across mentoring experiences or
limited to academic or IT-related settings that do
not take proper account of the hybrid characteristic

of big data jobs, which most cases, overlap with
business analytics, software development, and
decision sciences (Dawson, P. 2014). It is possible
to identify the lack of empirical research on the
best current mentoring model based on the
example of big data projects, including peer,
group, and e-mentoring. This gap restricts
organisations from implementing evidence-based
practices that might improve the performance of
team members, employee retention, and innovation
output.

This review aims to explore and critically evaluate
the strategies of mentoring that are of specific
interest to teams with a focus on big data.

LITERATURE SURVEY

Table 1: Summary of Key Research on Mentoring Strategies in Big Data and Related Contexts

Study Focus Methodology Key Findings Relevance to | Reference
Research

Exploration of | Conceptual Emphasizes mentoring | Provides a| (Jeong, S., &
mentoring in Human | synthesis and | as a strategic HRD tool | foundational Park, S. 2020)
Resource case-based for professional | understanding of
Development (HRD) | discussions growth, organizational | mentoring as a
contexts through a development, and | structured HRD
comprehensive leadership  pipelines. | practice. Useful for
handbook Highlights diverse | linking mentoring to

mentoring models for | organizational

organizations. outcomes.
Global research | Literature Identifies emerging | Offers a  global | (Ramirez-
trends and practical | synthesis and | themes in pedagogical | perspective on | Montoya, M.
implications in | bibliometric research, including | mentoring trends in | S., &
pedagogy (specific to | review collaborative education, helping | Gonzalez, J.
mentoring and mentoring, position research | R. V.)
education) professional within  international

development, and | discourse.

knowledge exchange.
Definition and | Systematic Clarifies the | Provides a structured | (Mullen, C.
categorization of | literature review | multifaceted nature of | framework for | A, &
mentoring types, mentoring, including | analyzing types of | Klimaitis, C.
issues, and peer, formal, and | mentoring, critical for | C. 2021)
applications developmental conceptual clarity in

mentoring; highlights | new studies.

challenges in

implementation  and

evaluation.
Qualitative research | Edited  volume | Advocates qualitative | Guides (Nayar, S., &
methodologies focusing on | methods for | methodological Stanley, M.
applicable to | qualitative understanding lived | choices for in-depth, | (Eds.). 2024)
occupational science | approaches (case | experiences in | experience-driven
and therapy, with | study, professional mentoring studies.
implications for | ethnography, development, including
mentoring research grounded theory) | mentoring contexts.
Educational  design | Theoretical Promotes iterative, | Offers a methodology | (McKenney,
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research (EDR) for | exposition with | research-driven to develop and refine | S., & Reeves,
iterative development | applied case | approaches to design | mentoring programs | T.2018)
and evaluation of | studies and assess educational | systematically.
interventions, and mentoring
including mentoring interventions for better
frameworks outcomes.
Barriers in modern | Empirical Identifies technological | Provides insights into | (Yadav, G.
HR, focusing on Al | research and cultural barriers to | how mentoring and | 2025)
and analytics, | combining HR transformation; | HR can adapt in Al-
analyzed using ISM | systems modeling | stresses integration of | driven environments,
and MICMAC | with HR analytics | Al and analytics for | aligning talent
frameworks strategic HR | development with

development. technology.
Experiences of | Qualitative Reveals mentors’ | Informs practical | (Ahtola,  J.
mentors in Finnish | interviews  and | challenges (time, | design considerations | 2021)
governmental thematic analysis | support, clarity of | for public sector
organizations during roles) and perceived | mentoring programs.
the development of benefits  (networking,
mentoring programs skill development).
Future of | Roadmap study | Suggests mentorship as | Highlights the | (Liguori, E.
entrepreneurship synthesizing a critical mechanism | strategic role of | W. et al,
research, literature and | for fostering | mentoring beyond | 2024)
emphasizing expert insights innovation and | traditional HR—
interdisciplinary entrepreneurial growth. | particularly in
approaches and Advocates entrepreneurship and
mentorship in collaboration between | innovation
entrepreneurial academia, industry, | ecosystems.
ecosystems and policy.
Role identity | Qualitative study | Shows how mentoring | Relevant for | (Boyer, N. R.
formation among | (case-based) relationships shape | understanding 2003)
leaders in leadership  identities | mentoring  dynamics
international  online and professional | in digital or remote

mentoring contexts

growth, especially in
virtual environments.

contexts.

Integration of ERP
systems with
knowledge
management,
indirectly linked to
mentoring for
organizational
learning

Empirical
analysis using
organizational
data

Finds that ERP-
knowledge
management
integration fosters
knowledge sharing and
learning, with
mentoring as a
facilitator of

technology adoption.

Connects  mentoring
to technological and
knowledge-based

organizational change.

(Turulja, L. et

al., 2024)

PROPOSED THEORETICAL MODEL
FOR MENTORING STRATEGIES IN

BIG DATA TEAMS

The various

complexities of the big data
environment, such as interdisciplinary teamwork,
dynamic skill set, and skill requirements, require
an organised but flexible mentoring model. The

namely:

Mentor

Competency,
Alignment, Communication Structure, Feedback
Mechanism, as well as Performance Outcomes.
The components have specific processes and are
backed by empirical evidence in the literature.

model suggests that five dimensions are important
in successful mentoring in a big data team,

Contextual
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Figure 1: Theoretical model illustrating the interdependent components of effective mentoring strategies in
big data teams, linking mentor competency to performance and learning outcomes through contextual and
feedback mechanisms

MODEL COMPONENTS EXPLAINED
Mentor Competency

Mentor effectiveness in big data teams is
contingent upon technical knowledge, domain
fluency, and emotional intelligence. Competency
not only involves understanding data workflows
and toolsets (e.g., Python, Hadoop, Spark) but also
includes mentoring techniques aligned with adult
learning theory (Lankau, M. J. & Scandura, T. A.
2002). Empirical studies have shown that mentors
with hybrid skills in leadership and technical
domains are better suited for supporting data
professionals in high-paced environments (Chao,
G. T.etal., 1992).

Contextual Alignment

Mentoring must align with organisational culture,
project lifecycle, and individual learning goals. In
big data contexts, mentorship cannot remain static;
it must adapt to shifting technologies, compliance
needs (e.g., data governance), and evolving
stakeholder expectations (Ensher, E. A. et al.,
2001). Organisations that embed contextual
mentoring strategies show higher team coherence
and project efficiency (Al Jenaibi, B. 2013).

Communication Structure

Effective mentoring in big data teams relies
heavily on communication infrastructure. Both
synchronous (e.g., real-time code reviews, Slack
interactions) and asynchronous (e.g., GitHub
comments, Jira documentation) channels must be
structured to support knowledge transfer without

overwhelming the mentee (Noe, R. A. et al,
2002).  Studies  highlight  that  layered
communication (formal plus informal touchpoints)
enhances trust-building and improves learning
retention (Allen, T. D., & Eby, L. T. 2004).

Feedback Mechanism

Feedback loops must be frequent, data-informed,
and iterative. Mentors are encouraged to
implement structured feedback formats using
performance indicators such as code efficiency,
model accuracy, or data pipeline robustness. Real-
time feedback linked to these metrics ensures
practical alignment with team objectives and
reduces mentoring latency (Scandura, T. A. 1992).

Performance and Learning Outcomes

The effectiveness of mentoring is ultimately
measured by improvements in individual
competencies, team productivity, and innovation
metrics. Documented outcomes include reduced
onboarding time, higher model deployment
frequency, and greater retention of critical talent in
data-intensive roles (Ragins, B. R. et al., 2000).
Structured mentoring has also been linked with an
increased ability to adapt to cross-functional team
demands and agile project cycles (Allen, T. D. et
al., 2004).

Cross-cultural considerations:

Given the global nature of many big data teams,
mentoring strategies must account for cultural
differences. Research suggests that mentoring
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practices effective in one cultural context may not
translate directly to another. Factors such as power
distance, individualism vs. collectivism, and
communication styles can significantly impact
mentor-mentee relationships [Janssen, O. et al.,
2004; Thomas, D. A., & Ely, R. J. 1996; Boyer, N.
R. 2003]. Organizations should develop culturally
sensitive mentoring approaches that respect
diverse perspectives and working styles within
international big data teams.

Ethical considerations:

Mentoring in big data teams raises important
ethical considerations. Mentors must guide
mentees in navigating complex issues such as data
privacy, algorithmic bias, and the societal

Conceptual Framework Description

implications of big data analytics (Mittelstadt, B.
D. et al, 2016). Ethical mentoring should
emphasise responsible data handling practices,
transparency in  model development, and
awareness of potential biases in data-driven
decision-making. Additionally, mentoring
programs should address the ethical use of Al and
machine learning technologies, ensuring that
mentees develop a strong ethical framework
alongside their technical skills.

Supporting Diagram (Conceptual Framework)
Below is a text-based description of the proposed
conceptual framework for mentoring in big data
teams. The diagram is divided into Input, Process,
and Output stages.

Inputs

Mentor Technical

Processes |

Personalized

Outputs |

Improved Mentee

e

Organizational

Expertise Mentoring Plan Skill Acquisition
Mentee Structured : Enhanced Project
Learning Goals Feedback & Delivery Timelines

Communication

Data Context ? Context-aware
Adaptation .. ]

) : Increased Retention
& Teamn Satisfaction

Figure 2: Conceptual framework outlining the inputs, processes, and outputs of mentoring strategies tailored
to big data team environments.

This model reflects theoretical constructs that
emphasise ~ mentor-mentee  fit,  contextual
relevance, and structured interaction. Research has
consistently found that tailored mentoring
enhances cross-role collaboration in data projects,
improves psychological safety in learning
environments, and accelerates time to productivity
for data scientists. Furthermore, structured
feedback is crucial in fast-evolving tech settings,
particularly when onboarding junior analysts or
transitioning  cross-disciplinary  professionals.
Organisational case studies have shown that
formalised mentoring systems result in more

predictable innovation cycles and improved
employee engagement metrics. These findings
support a multi-level model combining individual,
team, and enterprise-level outcomes (Lankau, M.
J. & Scandura, T. A. 2002; Higgins, M. C., &
Kram, K. E. 2001].

EXPERIMENTAL RESULTS ON
MENTORING STRATEGIES IN BIG
DATA TEAMS

Empirical studies over the past decade have
examined the impact of mentoring programs on
performance, skill development, and retention in
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data-intensive environments. Key metrics include
project delivery efficiency, technical skill
acquisition, and team satisfaction. Researchers
applied various methods quasi-experimental,
longitudinal, cross-sectional, and mixed-methods,
to evaluate mentoring in large technical teams
within big data and Al organisations. Quasi-

experimental  studies compared  mentored
employees to matched controls, controlling for job
role, experience, and team composition, with
performance measured before and after the
intervention. Table 2 summarises the main study
methods, descriptions, and objectives.

Table 2: Summary of Study Methods Used in Evaluating Mentoring Programs

Study Method | Description Objective

Quasi- Compared employees in mentoring programs with | Estimate  causal  impact  of

Experimental matched control groups, controlling for job role, | mentoring on performance and skill
experience level, and team composition. development.

Longitudinal Tracked performance metrics over time (pre- and | Observe long-term effects of
post-intervention) to analyze trends and changes. mentoring interventions.

Cross- Collected data from participants at a single point in | Identify associations and patterns

Sectional time to assess correlations between mentoring | without establishing causality.
participation and performance outcomes.

Mixed- Combined quantitative surveys with qualitative | Gain a comprehensive

Methods interviews to provide both numerical analysis and | understanding of mentoring impacts
contextual insights. from multiple perspectives.

Case Study | In-depth examination of specific organizational | Explore contextual factors and

Analysis mentoring programs to understand implementation | implementation practices affecting
practices and contextual factors influencing | mentoring effectiveness.
outcomes.

METHODOLOGY non-mentored control teams. Project cycle time

The experimental studies employed a mixed-
methods approach to evaluate the effectiveness of
mentoring strategies in big data teams. The
research design included:

e Sample sizes: Studies ranged from 60-155
participants across multiple organisations.

e Data collection methods: Quantitative surveys,
qualitative interviews, performance metrics
from project management systems, and
standardised skill assessments.

e Statistical analyses: Paired t-tests for pre-post
comparisons, ANOVA for group differences,
and regression analyses for predictive
modelling

Project Delivery Efficiency

A longitudinal study was conducted in a
multinational 1T firm specialising in big data
solutions, involving over 60 data science teams
distributed across North America and Europe.
Teams were selected based on matched criteria,
including project complexity, team size (8-12
members), and domain expertise. Inclusion criteria
required teams to be actively engaged in data-
driven product development projects for at least 6
months prior to the study, while teams undergoing
reorganisation or with high prior attrition were
excluded. The study compared 30 mentored teams
using a structured mentoring framework against 30

was measured from the formal project kickoff
(documented in project management software) to
delivery of a minimum viable product (MVP),
tracked using JIRA timestamps. Over a 12-month
period, mentored teams achieved a 15.2%
reduction in average cycle times compared to non-
mentored teams (Thomas, D. A., & Ely, R. J.
1996). Data collection followed standardised
logging protocols to ensure consistency.

Skill Acquisition Index

An evaluation study measured competency gains
in data analysts working in a global financial
services organisation. Participants were divided
into mentored (n=45) and non-mentored (n=40)
groups based on department and availability,
ensuring comparable experience levels (1-5 years)
and educational backgrounds (bachelor’s in STEM
fields). The Skill Acquisition Index was developed
for the study and comprised standardised tests
covering data visualisation, statistical inference,
and machine learning modelling. Assessments
were conducted at baseline, 3 months, and 6
months, with questions derived from validated
industry certification exams (e.g., Microsoft Data
Analyst Associate). Scores were scaled 0-100,
with the mentored group improving by 21.4% after
6 months (Baugh, S. G. 2021). All tests were
administered under supervised conditions using an
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internal learning management system (LMS) to
ensure reliability.

years old, with experience levels from 2 to 10
years. Team satisfaction was measured using a

standardised Employee Engagement Survey (EES)
consisting of 20 Likert-scale questions (scale 1-
10), validated by the company’s HR department.
Surveys were administered quarterly over one
year. Retention was tracked using HR databases to
monitor voluntary attrition over a 12-month
period. Results showed mentored teams reported
an average satisfaction score of 8.3 versus 6.7 in
non-mentored teams and an 18% lower attrition
rate (Eby, L. T. et al., 2008).

Team Satisfaction and Retention

A cross-sectional  study in a large
telecommunications company surveyed 75 data
analytics teams participating in structured
mentoring programs versus 80 non-mentored
teams. Teams were selected using stratified
random  sampling to  represent  diverse
organisational cultures, including agile and
traditional hierarchies, across multiple geographic
locations (North  America, Europe, Asia).
Participant demographics ranged from 25 to 45

Table 3: Comparison of Key Metrics Between Mentored and Non-Mentored Teams

Metric Mentored | Non- Mean Standard Controls for
Teams (n) | Mentored | Difference | Deviation Confounding
Teams (n) | (95% CI) (SD) Variables
Project 30 teams 30 teams -1.7 weeks | 1.4 Controlled for team
Delivery (95% CI: - | (mentored), experience, project
Time (weeks) 2.1,-1.3) 1.6 (non- | complexity, and
mentored) organizational culture
using matched
sampling.
Skill 45 40 +14.9 8.2 Controlled for
Acquisition participant | participants | points (mentored), education level, prior
Index (IS (95% CI: |91 (non- | experience, and
100) 10.5,19.3) | mentored) department via
stratified sampling.
Satisfaction 75 teams 80 teams +1.6 points | 0.9 Controlled for
Score (0-10) (95% CI: | (mentored), geographic  location,
1.2,2.0) 11 (non- | team  structure, and
mentored) employee age range
through stratified
random sampling.
Retention 75 teams 80 teams +14.0% 5.8% Controlled  for role
After 12 (95% CI: | (mentored), type, tenure, and
Months (%) 10.5%, 6.4%  (non- | organizational culture
17.5%) mentored) by  matching HR
records.
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Figure 4: Mentoring and Non-Mentoring: Satisfaction of Employees in Mentored and Non-Mentored Teams.

The statistics demonstrate that the right mentoring
can lead to higher performance in the environment
of big data. The results are in line with the
organisational theory of behaviour that assumes
the influence of an integrated interpersonal support
on the enhancement of learning and retention in
complex systems (Higgins, M. C., & Thomas, D.

A. 2001). Besides, mentoring has also come in
particularly handy in high-turnover workplaces,
where data science and analytics departments,
where knowledge sharing and career development
are paramount in terms of operational stability
(Ragins, B. R., & Kram, K. E. (Eds.). 2007).
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These findings were also confirmed in a large-
scale experimental study conducted in a
telecommunications company, which proved that
mentoring programs as a component of the
performance management systems led to both a 25
percent improvement in the number of employees
who succeeded the technical certification and a 20
percent reduction in the time taken in the
onboarding (Allen, T. D. et al., 2006).

FUTURE DIRECTIONS

Future research in mentoring for big data teams
should focus on addressing current gaps and
emerging challenges in a rapidly evolving
technological and organisational landscape. Long-
term studies are essential to understand the
sustained benefits of mentoring on retention and

knowledge transfer. More targeted approaches are
needed  through role-specific ~ mentoring
frameworks to bridge critical skill gaps. As remote
and hybrid work environments become
widespread, digital mentoring platforms must be
rigorously evaluated for effectiveness and
usability. Inclusion and equity require dedicated
attention to ensure underrepresented groups have
equal access to mentoring opportunities. Finally,
integrating Al-driven analytics into mentoring
programs offers a promising avenue for real-time
insights and personalised learning, but also raises
important ethical questions. These key areas for
future research and innovation are summarised in
Table 4.

Table 4: Promising Future Directions for Research and Innovation in Big Data Team Mentoring

Future Direction | Description and Research Focus

Efficiency Increase | How to Achieve This
Potential (%0)

Longitudinal
Impact Studies
continuity using

Examine long-term mentoring effects
on retention, innovation, and knowledge
mixed-methods
approaches across multiple project

+10-15% sustained | Conduct multi-year studies with
retention and | periodic assessments to track
innovation output long-term outcomes and
knowledge transfer.

cycles.
Role-Specific Develop tailored mentoring frameworks | +12—-18% faster skill | Design competency-based
Mentoring for specific roles (data engineers, ML | development and | mentoring programs  aligned
Models scientists, domain experts, project | task completion with job-specific requirements,
managers) to target skill gaps more supported by targeted training
effectively. modules.
Digital and | Investigate digital mentoring tools in | +20-25% increase in | Build and evaluate platform
Hybrid terms of accessibility, user engagement, | mentoring reach and | features such as real-time
Mentorship and performance tracking across | program scalability communication, interactive
Platforms geographically distributed teams. learning modules, and

performance dashboards.

Inclusion and

Study culturally responsive practices

+8-12% increase in

Implement bias-aware matching

Equity in | and bias mitigation mechanisms to | diverse team | algorithms and provide cultural
Mentoring promote equitable mentoring access, | performance competency training for
Access particularly for underrepresented groups mentors.
in data science.
Integration with | Explore Al-driven solutions for real- | +15-20% Develop  adaptive  learning
Al and Analytics | time feedback, progress tracking, and | improvement in | algorithms, use data analytics to
personalized recommendations, while | learning efficiency | monitor progress, and ensure

assessing ethical and practical impacts.

and feedback quality

ethical governance frameworks.

LIMITATIONS

The study certainly gives insights regarding
mentoring big data teams, but some limitations
must still be highlighted. For example, there was a
sample bias since most organisations were located
in North America and Europe. Due to this
concentration, the findings may not be generalized
since mentoring relationships may be vastly
different in other cultures and societies. Another
limitation is the research’s short-term focus since
most of the research was done in six-to-twelve-
month increments. Such a short period may not

capture the mentoring program’s long-term effects,
like skill advancement, employee turnover, and
culture change. Also, since the study collected
self-reported data, there is a chance that social
desirability bias could come into play. Perhaps
most importantly, the study was limited to the IT,
finance, and telecommunications sectors, leaving
out other data-rich industries like healthcare,
logistics, and manufacturing. These industries
come with their own set of challenges and
contextual considerations that were not addressed.
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