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ABSTRACT
Received: 3 March 2026 The telecommunications sector generates vast and rapidly growing data volumes, rendering
Revised: 27 March 2026 traditional Relational Database Management Systems (RDBMS) insufficient for modern
Accepted: 30 March 2026 analytical demands. This paper investigates ATOMA's (Advanced Telecom Operations and
Available online: 1 April 2026 Mobility of Afghanistan) strategic transition from a legacy Oracle-based data warehouse to

a distributed Big Data ecosystem comprising Hadoop, Apache Spark, and Apache Kafka.
Drawing on qualitative case study methodology, data were collected from 15 purposively
selected IT professionals across eight functional teams using a structured questionnaire.
Thematic analysis was conducted through the Technology-Organization-Environment
(TOE) framework and the Migration Lifecycle Model. Findings reveal that ATOMA's
primary migration drivers include Oracle scalability limitations, batch-reporting
inefficiencies, missing Call Detail Records (CDRs), absence of real-time analytics, and cost
reduction imperatives. Participants identified data migration complexity, skill gaps, system
integration challenges, and change management as the most significant barriers.
Anticipated benefits across all teams consistently highlighted real-time reporting, improved
fraud detection, enhanced customer analytics, and open-source cost optimization. The paper
proposes a Phased Big Data Adoption Framework (PBAF) tailored to telecom operators in
fragile, resource-constrained environments comprising five stages: Assessment, Pilot,
Hybrid Operation, Full-Scale Deployment, and Optimization. Findings are directly
applicable to telecom operators in emerging markets facing analogous legacy-system
migration challenges.
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1. INTRODUCTION

The telecommunications industry has emerged as one of the most data-intensive sectors in the global digital economy. Telecom
operators now generate enormous volumes of data every second spanning Call Detail Records (CDRs), SMS/MMS traffic, mobile
broadband logs, billing transactions, and Internet of Things (IoT) device interactions. Historically, operators managed these datasets
using Relational Database Management Systems (RDBMS) such as Oracle and IBM DB2, which were well-suited to structured,
moderate-volume workloads. However, the exponential growth of digital services has exposed the fundamental scalability and
processing limitations of these legacy platforms [3].

The case of ATOMA (Advanced Telecom Operations and Mobility of Afghanistan) Afghanistan's largest mobile operator serving
approximately 3.5 million active subscribers exemplifies these challenges acutely. ATOMA's enterprise data warehouse stores
approximately 160 terabytes of data, receiving approximately 350 gigabytes of CDRs daily at an annual growth rate of 10%. The
company's reliance on legacy Oracle infrastructure, batch-oriented ETL pipelines, and static Oracle OBIEE dashboards creates
systemic bottlenecks: reporting delays measured in hours to days, missing CDRs due to failed batch ingest windows, absence of
real-time streaming analytics, and an inability to support machine learning or advanced predictive workloads [4].

Globally, leading telecom operators have addressed analogous challenges through the adoption of Big Data ecosystems.
Vodafone achieved a 20% reduction in maintenance costs using Hadoop and Spark-based predictive analytics [5]. AT&T leveraged
customer-level Big Data segmentation to reduce churn rates through predictive retention interventions [6]. European operators,
supported by consulting firms, reduced reporting latency from 45 days to near real-time by migrating to Hadoop-based data lakes
[7]. Yet despite these documented successes, research by Zahid et al. [8] found that up to 85% of Big Data projects were failing
globally as of 2017, primarily due to data quality deficiencies, skill shortages, and inadequate change management.

This paper makes two primary contributions. First, it provides one of the first rigorous empirical case studies of Big Data adoption
planning within a Central/South Asian telecom operator a context dramatically underrepresented in the existing literature. Second,
it proposes a Phased Big Data Adoption Framework (PBAF) grounded in both global best practices and the specific organizational
realities of ATOMA's fragile, resource-constrained operating environment. The study is structured as follows: Section 2 reviews
the relevant literature; Section 3 describes the research methodology; Section 4 presents findings organized by four research sub-
questions; Section 5 discusses and concludes with the PBAF and recommendations.
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2. REVIEW OF RELATED LITERATURE

2.1 Big Data Foundations in Telecommunications

Big Data is most commonly characterized through the '5Vs' framework Volume, Velocity, Variety, Veracity, and Value which
collectively capture the scale, speed, diversity, reliability, and business utility of modern datasets [9][10]. In the telecom context,
each dimension is vividly manifested. Volume is exemplified by ATOMA's 160TB data warehouse. Velocity is represented by
continuous real-time streams from tower monitoring systems and IoT devices that require sub-second latency. Variety encompasses
structured billing tables, semi-structured XML and JSON network logs, and unstructured call recordings. Veracity highlights the
persistent challenge of missing CDRs and inconsistent data quality. Value captures the ultimate objective: translating raw
operational data into actionable intelligence for fraud detection, churn prediction, and network optimization [11].

Hashem et al. [12] argue that the 5Vs collectively define a new paradigm requiring purpose-built distributed infrastructure.
Traditional RDBMS systems, architected for structured moderate-volume workloads, cannot address all five dimensions
simultaneously a limitation that forms the foundational justification for Big Data platform adoption. Laney [13] first introduced the
three-dimensional data management framework (volume, velocity, variety) that evolved into the 5Vs, establishing the theoretical
basis for understanding why legacy systems are structurally inadequate for modern telecom workloads.

Manda [14] demonstrated that by leveraging Hadoop and Spark combined with machine learning, operators can substantially
enhance customer experience, predict network congestion, and reduce operational costs. Fauzy, Ghauth, and Ting [15] showed that
churn prediction accuracy improved from approximately 72% using traditional methods to over 89% with Hadoop-based distributed
processing, translating to significant customer retention savings. Dean and Ghemawat [16] established the computational
architecture underpinning Hadoop's MapReduce capabilities, demonstrating that distributed processing across commodity hardware
can achieve performance comparable to proprietary high-performance computing systems at a fraction of the cost.

Technology-Organization-Environment (TOE) Framework

Applied to ATOMA's Big Data Adoption Context
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Figure 1. The Technology-Organization-Environment (TOE) Framework applied to ATOMA's Big Data adoption context

2.2 Global Big Data Adoption Trends in Telecom

The adoption of Big Data in telecommunications has accelerated globally. Case studies from developed markets provide valuable
benchmarks. Vodafone's deployment of Big Data predictive maintenance reduced unplanned outages by approximately 25% and
cut maintenance costs by an estimated 20% within the first operational year [14]. AT&T's granular customer segmentation,
analyzing usage patterns and billing histories across billions of records, enabled 90-day-ahead churn prediction that preserved
hundreds of millions in annual revenue [6]. European operators implementing Hadoop-based data lakes reduced reporting latency
from 45 days to near real-time while enabling automated fraud detection [7].

Despite these successes, failure rates remain sobering. Zahid et al. [8] reported that 85% of Big Data projects were failing as of
2017. A McKinsey Global Institute survey found that only 5% of telecom companies realized more than 10% measurable benefit
from Big Data investments [17]. The most common failure causes include data quality governance deficiencies, insufficient skilled
personnel, and legacy system integration complexity a recurring pattern that informs the risk mitigation strategies proposed in this
paper.

Research on Big Data adoption in emerging market telecom contexts is considerably less extensive. Al-Sai and Abualigah [18]
examined barriers in developing countries, identifying financial constraints, infrastructure limitations, regulatory uncertainty, and
workforce skill deficits as primary impediments. Their systematic review of 35 studies found that adoption rates in developing
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markets lagged developed economies by 5-7 years, though the gap was narrowing as technology costs declined and cloud
deployment options expanded. Kaisler et al. [19] noted that organizations in resource-constrained environments benefit most from
phased, incremental adoption strategies that demonstrate tangible business value at each stage.

2.3 Big Data Technological Frameworks and Tools

The Hadoop Distributed File System (HDFS) provides distributed, fault-tolerant storage by distributing data across commodity
hardware clusters, eliminating the expensive vertical scaling requirements of Oracle RDBMS [20]. YARN manages computational
resources across the cluster, enabling multiple frameworks MapReduce, Spark, and HBase to share the same infrastructure. Apache
Hive provides SQL-compatible query access to HDFS data, enabling gradual skill transition for analysts familiar with Oracle SQL
syntax [20].

Apache Spark has emerged as the dominant in-memory distributed processing framework, offering speeds up to 100 times faster
than Hadoop MapReduce for certain workloads [21]. Spark's Resilient Distributed Datasets (RDDs) enable both batch and
streaming analytics through a unified programming model. Spark SQL, Spark Streaming, and Spark MLIib collectively address
ATOMA's requirements for high-performance CDR analytics, real-time network monitoring, and machine learning workloads
without requiring movement to specialized platforms.

Apache Kafka, originally developed at LinkedIn [22], has become the de facto standard for high-throughput, fault-tolerant real-
time data streaming. Kafka's distributed publish-subscribe architecture enables ingestion of millions of events per second with
guaranteed delivery and consumer replay capabilities characteristics uniquely suited to telecom's CDR ingestion requirements.
Apache Sqoop enables bulk transfer between Oracle and HDFS, providing a reliable migration mechanism for historical CDR
archives [2]. Tran [23] evaluated ETL solutions using an Analytic Hierarchy Process and concluded that Apache NiFi offered the
most favorable balance of scalability, fault tolerance, and accessibility for organizations in transitional environments.

Zahid et al. [8] proposed the LambdaTel architecture a three-layer model combining a Speed Layer (Kafka + Spark Streaming)
for real-time processing, a Batch Layer (Hadoop + Spark) for historical analytics, and a Serving Layer merging both views for
unified query responses. This architecture directly addresses ATOMA's dual requirement for real-time network monitoring and
historical CDR analysis, providing a concrete blueprint for the target migration state.

2.4 Migration Strategies and Challenges

Shekhar [2] provides the most comprehensive academic treatment of Oracle-to-Hadoop migration, identifying five critical
dimensions: schema conversion (transforming rigid relational schemas into schema-on-read); ETL redesign (replacing Oracle-
specific pipelines with parallel Hadoop-native equivalents); real-time integration (implementing Kafka-based streaming to
eliminate batch delays); hybrid architecture management (coordinating parallel Oracle and Hadoop operation during transition);
and performance optimization (tuning cluster configurations and query plans). Shekhar advocates an 'intelligent migration' approach
incorporating automation and phased implementation rather than single comprehensive cutover a recommendation directly
informing the PBAF proposed in this paper.

Nagqvi et al. [24] identify data quality preservation as the most technically complex migration challenge. Their analysis found
that data semantic drift subtle changes in meaning during schema transformation accounted for approximately 40% of post-
migration analytical discrepancies. For telecom operators where CDR accuracy directly affects revenue assurance and regulatory
compliance, semantic drift has immediate financial consequences. The authors recommend comprehensive data mapping,
automated reconciliation protocols comparing source and target records, and clear data stewardship responsibilities established
before migration begins.

2.5 Organizational Readiness and Adoption Frameworks

The TOE framework, developed by Tornatzky and Fleischer [1], proposes that technology adoption is influenced by three
dimensions: (1) Technological characteristics (relative advantage, complexity, scalability); (2) Organizational capabilities
(technical expertise, leadership support, financial capacity); and (3) Environmental pressures (market competition, regulatory
requirements, customer expectations). Applied to ATOMA, the framework reveals a convergence: Big Data platforms offer clear
technological advantages, but organizational capability gaps in skills and governance must be addressed, while environmental
pressures from ATRA regulation and competitive dynamics create urgency.

Davis's Technology Acceptance Model (TAM) [25] posits that adoption is primarily influenced by perceived usefulness and
perceived ease of use. For ATOMA, this implies that migration success depends on demonstrating clear role-specific value to each
functional team and providing training that reduces perceived tool complexity. Rogers' Diffusion of Innovations theory [26] adds
temporal and social dimensions: BI analysts and DBA team members who most acutely experience legacy system limitations are
likely to function as early adopters whose demonstrated success accelerates adoption among more resistant organizational segments.

Al-Sai and Abualigah [18] found that organizations devoting at least 20% of project budget to change management were 3.5
times more likely to achieve project objectives. Kaisler et al. [19] found that organizations with strong pre-migration data
governance clear data ownership, documented lineage, and established quality standards experienced significantly smoother
migrations. For ATOMA, where data governance practices are still maturing, establishing foundational governance structures
before full-scale migration represents a critical preparatory investment.

2.6 Research Gap

The literature review reveals a significant gap: while extensive research documents Big Data adoption in telecom operators
across developed markets, there is a critical absence of rigorous empirical case study research examining Big Data migration in
Afghan or analogous Central/South Asian telecom operators. ATOMA's transition represents both a commercially significant event
in Afghanistan's digital economy and an academically valuable opportunity to generate contextually grounded knowledge about
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how TOE dimensions manifest in fragile, resource-constrained settings. Furthermore, while LambdaTel [8], Oracle-to-Hadoop
migration strategies [2], and ETL tool evaluations [23] provide technical guidance, no study has integrated these with the TOE
adoption model to analyze a specific operator's migration from the perspective of its IT professionals the distinctive contribution
of this work.

3. RESEARCH METHODOLOGY

3.1 Research Design and Paradigm

This study adopts a qualitative case study research design, positioned within an interpretivist epistemological paradigm [27].
Qualitative methodology is appropriate because the central research problem understanding the strategic, technical, and operational
considerations of Big Data adoption in a specific organizational context requires rich, contextually grounded data that quantitative
methods cannot adequately capture. A single-site case study design, focusing on ATOMA as the unit of analysis, is justified by
three considerations [28]: ATOMA presents an intrinsically significant contemporary case; it provides unique cross-functional
access to IT professionals across eight teams; and single-site depth is more appropriate for generating actionable, contextually
grounded recommendations than comparative multi-site designs with thinner organizational penetration.

3.2 Data Collection and Participants

The primary data collection instrument was a structured questionnaire deployed via Google Forms, comprising four sections
totalling 74 items. Section 1 collected participant background information. Section 2 contained six general questions for all
participants. Section 3 contained team-specific questions (7-9 per team) for BI, DBA, System Administration, IT Operations,
Enterprise Operations, Product and Services, Information Security, and PMO teams. Section 4 contained a consent confirmation
and final comments field.

The study employed purposive sampling, selecting 15 participants based on direct involvement in ATOMA's data systems and
planned Big Data migration [27]. Table 1 summarizes participant profiles. The sample encompasses 33% (n=5) with 10—15 years
of experience, 27% (n=4) with 6-10 years, 20% (n=3) with 15+ years, and 20% (n=3) with 0-2 years. This distribution captures
both deep institutional knowledge and perspectives from professionals who may have encountered modern Big Data tools in prior
roles.

Table 1. Profile of research participants

Team/Department Participants (n) Experience (Years) Key Role Focus

Business Intelligence 2 6-10/ 15+ Reporting, dashboards, analytics
Database Administration 2 6—10 (both) Schema, ETL, data integrity

System Administration 1 10-15 Infrastructure, cluster deployment
IT Operations 3 10-15/ 15+ Application management, validation
Enterprise Operations 2 0-2/6-10 Enterprise IT coordination

Product & Services 3 10-15 VAS, customer-facing services
Information Security 1 0-2 Security, compliance, fraud

PMO 1 15+ Project planning and coordination
TOTAL 15 0-2 to 15+ Cross-functional IT coverage

3.3 Data Analysis

Questionnaire responses were analyzed using Braun and Clarke's [29] six-phase thematic analysis framework: (1) data
familiarization; (2) initial code generation; (3) theme searching; (4) theme review; (5) theme definition and naming; and (6) report
production. To enhance analytical rigor, thematic analysis was conducted through the TOE framework lens and cross-referenced
with Migration Lifecycle phases, ensuring that analysis is both theoretically coherent and practically grounded. Instrument validity
was established through item-to-research-question alignment mapping, pilot testing with three ATOMA IT staff, and iterative
refinement.

4. FINDINGS AND DISCUSSION

RQ1: Primary Motivations for Big Data Adoption

Thematic analysis identified five dominant motivation themes consistently expressed across all eight functional teams.

Theme 1 — Scalability and Volume Management. The most universally cited motivation was Oracle's inadequacy for
ATOMA's growing data volumes. An IT Operations Manager with 10—15 years of experience noted that ATOMA generates
'massive volumes of data from most of IT and network elements CDRs, signaling, QoS metrics, billing systems, mobile money,
CRM, and digital channels' and that 'traditional systems can no longer process this data efficiently or in real time.' An Enterprise
Operations participant explained: 'ITn RDBMS, we cannot store large amounts of data; inserting and retrieving large amounts takes
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more time and consumes high hardware space." The 160TB Oracle warehouse expanding at 10% annually represents a direct
financial pressure: vertical Oracle scaling is prohibitively expensive relative to horizontal Hadoop commodity scaling [2][12].

Theme 2 — Real-Time Analytics Requirements. The operational necessity of real-time analytics was the second dominant
theme. The BI Developer articulated the direct impact: 'Current reports and dashboards often slow down timely decision-making
because they rely on static data, manual refreshes, and limited drill-down capabilities.' The Information Security specialist observed
that 'the current system has limitations in handling large volumes of data, performing advanced analytics, and providing real-time
insights.' Batch-based Oracle architecture produces reporting delays of hours to days a deficiency with direct consequences for both
operational management and ATRA regulatory compliance [14][15].

Theme 3 — Customer Analytics and Personalization. Three teams (BI, IT Operations, and Product and Services) explicitly
identified enhanced customer analytics as a primary motivation. The VAS Engineer explained: 'ATOMA is moving toward Big
Data to enable better analysis of subscriber and service data, improve decision-making, and support advanced use cases such as
real-time charging, customer behavior analysis, fraud detection, and personalized VAS offerings.' Customer insights, as the Product
and Services participant noted, 'help us understand individual preferences, usage patterns, and pain points' enabling personalized
services that reduce churn and improve loyalty [14][15].

Theme 4 — Cost Reduction and Open-Source Economics. Bl, DBA, System Administration, and Enterprise Operations
participants all identified Oracle licensing costs and hardware scaling expenses as significant migration drivers. The DBA
participant confirmed that 'most databases are growing rapidly, making traditional RDBMS systems costly and difficult to scale'
while open-source Big Data platforms 'provide better performance, lower cost, and strong support for modern AI/ML and analytics.'
For a telecom operator in a market with constrained Average Revenue Per User (ARPU), this economic logic creates a compelling
business case [17].

Theme 5 — Fraud Detection and Revenue Assurance. Information Security and Product and Services participants highlighted
fraud detection as a high-priority motivation. The Information Security specialist noted that Big Data adoption would 'enhance
ATOMA's ability to protect customer information by enabling stronger monitoring, faster detection of suspicious activities, and
more robust encryption and access controls.' The VAS specialist identified 'fraud detection' as a critical advanced use case that the
current system cannot adequately support a finding consistent with global Big Data telecom literature [8][14].

Table 2. Motivation themes by functional team

Motivation Theme BI DBA SysAdmin IT P&S InfoSec PMO
Ops
Scalability / Volume Management v v v v v v v
Real-Time Analytics v v v N4 v v N
Customer Analytics & Personalization v - - v v - -
Cost Reduction & Open-Source v v v - - - -
Fraud Detection & Security - - - - v v -
BI Modernization v - - v - - v

RQ2: Technological and Methodological Approaches

Participants demonstrated informed awareness of the Big Data technology landscape. Table 3 summarizes the technologies
identified for ATOMA's target architecture. Hadoop/HDFS was unanimously identified as the foundational distributed storage
layer, providing horizontal scalability through commodity hardware clusters [20]. Apache Spark was consistently selected for in-
memory analytics, with participants recognizing its 100x speed advantage over MapReduce for iterative workloads [21]. Apache
Kafka was prioritized as the real-time CDR ingestion replacement for batch-based ETL pipelines [22]. Apache Sqoop was identified
for bulk migration of historical Oracle data, while Apache Hive was noted as enabling SQL-based access for BI and DBA teams
transitioning from Oracle [2][23].

Table 3. Big Data technologies for ATOMA migration

Technology Primary Function ATOMA Use Case Teams Mentioning
Apache Hadoop/HDFS Dlstrlbl}ted storage & CDR archive; bulk historical BI, DBA, SysAdmin, IT
processing data Ops
Apache Spark In-memory analytics; ML Real.-tlr.ne CDR analysis; churn BI, DBA, PMO
prediction
Apache Kafka Real-time data streaming IgrliV;gSDR ingestion; legacy DBA, IT Ops, BI
Apache Sqoop gﬁl}:}\grS—to-Hadoop bulk Oracle historical data migration =~ DBA
Apache NiFi ETL workflow automation Data pipeline orchestration DBA, IT Ops
Apache Hive SQL-on-Hadoop query Analyst-accessible CDR queries DBA, BI
interface
Power BI / Tableau Modern BI visualization Interactive executive dashboards  BI, IT Ops

Regarding methodology, participants from multiple teams independently converged on phased, risk-managed implementation.
The BI Developer articulated best-practice principles: 'Start with a clear plan and business goals, clean and prepare data before
moving it, and migrate in phases instead of all at once. Invest in the right tools and skilled people, focus on security and data

Adopting Big Data Technologies in Telecommunications: A Case Study of ATOMA, Afghanistan
Sadiq Aminzai, Amir Kror Shahidzay

73



governance from the beginning, and provide proper training.' This philosophy aligns with Shekhar's [2] advocacy for intelligent
phased Oracle-to-Hadoop migration and Kaisler et al.'s [19] finding that incremental strategies are significantly more successful

than single-phase cutovers.
Table 4 presents the planned five-phase migration timeline, integrating participant inputs with the Migration Lifecycle Model

(2][24].

Table 4. Phased migration timeline for ATOMA

Phase Period Key Activities Tools/Technologies Success Metrics
1. Assessment Q1 2026 Current state audit; gap Documentation; Baseline metrics established
analysis; stakeholder benchmarking
mapping
2. Pilot/PoC Q22026 Hadoop cluster setup; CDR Hadoop, Spark, Kafka, PoC objectives met; team
ingestion test; Spark analytics Sqoop trained
PoC
3. Hybrid Q3-Q4 Oracle + Hadoop parallel; Kafka, Sqoop, NiFi, Zero CDR loss; both systems
Operation 2026 Kafka real-time bridge; data HDFS operational
validation
4. Full Q1-Q2 Full CDR pipeline to Spark, Hive, Power BI, 100% CDR in Hadoop; real-
Deployment 2027 Hadoop; BI dashboard Tableau time BI live
migration to Power BI
5. Optimization Q3 2027+ ML model deployment; Spark MLIib; TensorFlow; ~ Churn model >85%; fraud
performance tuning; fraud monitoring tools detection <5 min
detection Al

RQ3: Challenges and Mitigation Strategies
This question generated the richest responses, reflecting participants' acute awareness of migration complexity. Table 5
summarizes the challenge categories identified.

Table 5. Challenges identified by functional team

Challenge Category BI DBA SysAdmin IT P&S InfoSec PMO
Ops
Data Migration Complexity / Data Loss Risk v v v p\/ v v v
Data Quality and Consistency v v - v v - -
Skill Gaps and Training Needs v - v v v v v
Legacy System Integration v v Vv v v - -
Security and Compliance Risks - - Vv - v v -
Change Management / User Adoption v - - - - - v

Data Migration Complexity and Data Loss Risk

Cited by all eight teams, data migration complexity was the most universally acknowledged challenge. The BI Developer
enumerated: 'Data migration complexity moving large volumes without loss or corruption; data quality issues inconsistent,
incomplete, or unstructured data; integration challenges connecting legacy systems with Big Data tools.! The VAS specialist,
drawing on Oracle Charging System migration experience, specifically warned that 'ATOMA may face challenges such as data
inconsistency between old and new systems, risk of service interruption, and charging inaccuracies.' These findings align directly
with Naqvi et al.'s [24] identification of semantic drift as accounting for 40% of post-migration analytical discrepancies.
Skill Gaps and Training Requirements

Six of eight teams identified skill gaps as a significant barrier. The Information Security specialist outlined specific needs: 'The
security team will need new skills in Big Data architecture, distributed system security, and cloud security practices.' The BI
Developer noted challenges including 'a learning curve with new tools, adapting existing reports and data models, and the need to
manage user adoption and change.' Al-Sai and Abualigah [18] found that organizations allocating at least 20% of project budget to
change management were 3.5 times more likely to achieve stated objectives. Davis's TAM [25] further suggests that perceived ease
of use directly addressed through role-specific training is a critical adoption determinant.
Security and Compliance

The Information Security specialist provided the most detailed analysis: 'When moving to new platforms, companies need to
consider risks such as data loss or corruption, security and privacy breaches, system downtime, and integration issues. For
distributed systems, security practices need to be adapted to address challenges like data in transit across multiple nodes,
authentication and access control across the network, and consistent encryption.' The specialist also identified a compliance
opportunity: 'Big Data adoption can improve compliance with telecom regulations by enabling more accurate tracking, reporting,
and auditing of customer data and network activity, reducing the risk of fines or legal issues.' This finding reinforces Zahid et al.'s
[8] architecture recommendation to integrate security as a first-class design concern.
Mitigation Strategies

Participants articulated a consistent set of mitigation strategies: (1) phased migration with comprehensive testing at each stage;
(2) parallel operation of legacy and new systems; (3) data validation and reconciliation protocols (bi-weekly reconciliation
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recommended); (4) role-specific training initiated 6+ months before full deployment; (5) clear data governance frameworks
established before migration begins; and (6) strong cross-functional collaboration between technical and business teams. These
strategies collectively align with global best practices documented by Shekhar [2], Kaisler et al. [19], and Naqvi et al. [24].

RQ4: Anticipated Impacts on BI, Efficiency, and Customer Experience
Responses revealed high and consistent optimism across all eight functional teams, with role-grounded specificity. Table 6

summarizes expected benefits by functional team.

Table 6. Expected benefits of Big Data adoption by functional team

Functional Team Primary Expected Benefits

Business Intelligence Real-time reporting; self-service dashboards; Al-driven insights; elimination of batch
delays; cross-functional analytics

Database Administration Scalable storage without costly licensing; improved ETL performance; schema flexibility;
foundation for ML workloads

System Administration Horizontal scalability without hardware limits; automated monitoring and fault tolerance;
simplified cluster provisioning

IT Operations Cross-application dashboards showing full service performance; faster root-cause analysis;
better SLA and KPI management

Enterprise Operations Improved enterprise-level monitoring; reduced fragmentation; unified visibility into
enterprise IT performance

Product & Services Customer segmentation at individual level; personalized VAS; churn prediction; data-driven
new product development

Information Security ML-powered fraud detection; improved anomaly detection; stronger audit trails; real-time
threat monitoring

PMO Better project tracking; real-time project data; enhanced coordination between IT teams;

data-driven progress reporting

Business Intelligence Transformation. The BI Developer articulated the most specific post-migration vision: 'Real-time
reporting would significantly change the way I work by enabling faster, data-driven decisions without waiting for batch updates. It
would allow me to detect issues immediately, monitor KPIs continuously, respond proactively to business changes, and provide
stakeholders with up-to-date insights they can trust.' The BI participant further emphasized that 'improved reporting could help
ATOMA's leadership make faster decisions by providing real-time, accurate insights into operations, sales, and customer trends
making decision-making more agile and data-driven.' This transformation from static OBIEE dashboards to interactive Power BI
or Tableau represents the most immediately visible organizational improvement [14][15].

Operational Efficiency. The IT Operations Manager described systemic improvements: 'The Big Data solution enables all
applications as cross-application dashboards to show full-service performance. IT Operations teams can see how an issue in one
system impacts others. Applications become easier to integrate and scale.! Specific benefits included 'better SLA and KPI
management, fast and accurate reporting, and End-to-End process visibility.' Chen et al. [3] and Davenport [30] confirm that
operational visibility through unified Big Data platforms consistently reduces mean-time-to-resolution for service incidents and
improves resource allocation efficiency.

Customer Experience and Fraud Detection. Product and Services participants described individual-level customer
segmentation: 'Big Data can help by analyzing large amounts of customer and service data to identify patterns and issues. This
allows ATOMA to design better VAS offerings, personalize services, detect problems early, and make data-driven improvements.'
The Information Security specialist described transformative security improvements: 'Big Data can improve fraud detection and
prevent cyberattacks by analyzing massive volumes of real-time and historical data to identify unusual patterns and anomalies.'
These anticipated improvements align with documented outcomes from AT&T and Vodafone's Big Data implementations [14][6].

PROPOSED PHASED BIG DATA ADOPTION FRAMEWORK (PBAF)

Based on the integration of empirical findings with the TOE framework [1] and Migration Lifecycle Model [2], this study
proposes a Phased Big Data Adoption Framework (PBAF) tailored to telecom operators in emerging, resource-constrained markets.
The PBAF comprises five sequentially building stages, each supported by four cross-cutting pillars: data governance, skills
development, change management, and security. Figure 2 illustrates the framework conceptually.
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Phased Big Data Adoption Framework (PBAF)

Tailored for Telecom Operators in Emerging and Resource-Constrained Markets
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Figure 2. Phased Big Data Adoption Framework (PBAF) five sequential phases with four cross-cutting pillars

Stage 1 — Strategic Assessment (Q1 2026): Conduct a comprehensive audit of ATOMA's current data infrastructure,
establishing baseline performance metrics for CDR processing latency, reporting speed, fraud detection accuracy, and storage costs.
Map all data flows, identify bottlenecks, and document data ownership. Establish the TOE readiness baseline across all eight
functional teams. This stage directly implements Kaisler et al.'s [19] recommendation that organizations with pre-established
governance frameworks experience significantly smoother migrations.

Stage 2 — Pilot / Proof of Concept (Q2 2026): Deploy a controlled Hadoop/Spark/Kafka cluster in a test environment,
demonstrating real-time CDR ingestion and basic analytics PoC. Initiate role-specific Big Data training for Bl and DBA teams the
functional groups most likely to serve as early adopters per Rogers' Diffusion of Innovations theory [26]. Run reconciliation
validation comparing Hadoop and Oracle CDR counts to establish data integrity confidence before proceeding.

Stage 3 — Hybrid Operation (Q3—Q4 2026): Implement parallel Oracle and Hadoop operation using Apache Sqoop for bulk
historical data transfer and Apache Kafka as the real-time CDR bridge. This phase ensures business continuity while building
organizational confidence [2][24]. Automated bi-weekly reconciliation protocols validate data completeness and semantic integrity.
Skill development extends to System Administration and IT Operations teams. This stage implements the 'intelligent migration'
principle most strongly advocated by Shekhar [2].

Stage 4 — Full-Scale Deployment (Q1-Q2 2027): Migrate all operational CDR pipelines to Hadoop/Spark ecosystem and retire
batch-based Oracle ETL processes. Transition BI dashboards from Oracle OBIEE to interactive Power BI or Tableau interfaces.
Deploy Apache Ranger and Kerberos authentication across the distributed environment per Information Security specialist
recommendations. This stage achieves the primary operational goals: real-time CDR processing, interactive BI, and scalable storage
at open-source costs [21][22].

Stage 5 — Optimization and Innovation (Q3 2027+): Deploy Spark MLIib machine learning models for churn prediction (target
accuracy >85%), personalized VAS recommendation, and Al-powered fraud detection (target response <5 minutes). Implement
continuous performance tuning and data quality monitoring. Explore advanced use cases including predictive maintenance and
network optimization. This stage realizes the long-term strategic value of the Big Data ecosystem and positions ATOMA for
competitive differentiation [14][15][21].

RECOMMENDATIONS

Recommendation 1: Prioritize Kafka Deployment for Real-Time CDR Ingestion. Deploy Apache Kafka as the first phase
priority, replacing batch-based ETL pipelines that produce CDR delays and gaps. This addresses the most universally cited
operational pain point while establishing the streaming infrastructure for real-time analytics and fraud detection. Kreps et al. [22]
demonstrate that Kafka's fault-tolerant distributed architecture handles millions of events per second with guaranteed delivery
appropriate for ATOMA's CDR volumes and growth trajectory.

Recommendation 2: Implement Phased Migration with Parallel Operation. Adopt the five-phase PBAF, maintaining
parallel Oracle and Hadoop systems using Apache Sqoop for bulk transfer and Kafka as the real-time bridge during Phase 3. Set
explicit go/no-go criteria at each phase milestone. Shekhar [2] and Kaisler et al. [19] demonstrate that phased approaches are
significantly more successful than single-phase cutovers.

Recommendation 3: Invest Proactively in Role-Specific Training. Develop a structured Big Data competency program
beginning at least six months before Phase 3 migration, tailored to each team's specific role: DBA teams require Hive, HDFS, and
Sqoop training; BI teams need Spark SQL and Power Bl/Tableau; System Administrators require cluster management; Information
Security specialists need Apache Ranger and distributed systems security expertise. Davis's TAM [25] and Rogers' Diffusion of
Innovations [26] together indicate that perceived ease of use through targeted training directly accelerates adoption.
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Recommendation 4: Establish Data Governance Before Migration. Document data ownership, establish quality standards,
implement lineage tracking, and create stewardship responsibilities for each major data domain (CDRs, billing, customer profiles,
network logs) before Phase 2 begins. Naqvi et al. [24] and Kaisler et al. [19] both demonstrate that pre-migration governance
frameworks significantly reduce post-migration data quality issues and semantic drift.

Recommendation 5: Engage Security as Architecture Co-Designer. Involve the Information Security team from Stage 1 as
co-designers of the Big Data architecture, rather than as downstream compliance reviewers. Deploy Apache Ranger for fine-grained
access control and Kerberos authentication across the Hadoop ecosystem from Phase 2 onwards. This proactive approach addresses
the distributed system-specific security challenges identified by the Information Security specialist and recommended in Zahid et

al. [8].

5. CONCLUSION

This paper investigated ATOMA's strategic transition from a legacy Oracle-based data infrastructure to a distributed Big Data
ecosystem, employing qualitative case study methodology grounded in data from 15 IT professionals across eight functional teams.
The study addressed a significant gap in the academic literature the near-total absence of empirical research on Big Data adoption
in Afghan or analogous Central Asian telecom operators while simultaneously generating practically actionable knowledge for
ATOMA's technology leadership and comparable emerging market operators.

The findings demonstrate that ATOMA's migration is driven by a convergence of Oracle scalability limitations, real-time
analytics requirements, customer personalization imperatives, open-source cost economics, and fraud detection demands precisely
the tri-dimensional pattern of technological advantage, organizational need, and environmental pressure predicted by the TOE
framework [1]. The challenges identified data migration complexity, skill gaps, legacy integration, and change management are
real and significant, but predictable and manageable with structured preparation, consistent with global Big Data project experience
documented by Zahid et al. [8] and Naqvi et al. [24].

The Phased Big Data Adoption Framework (PBAF) proposed here provides a structured, evidence-based roadmap grounded in
both global best practices [2][8][19][24] and the specific organizational context revealed through participant responses. Its five
stages from Strategic Assessment through Optimization and Innovation reflect the consensus wisdom of ATOMA's IT professionals
and the academic literature alike. The four cross-cutting pillars of data governance, skills development, change management, and
security ensure that technical implementation is matched by the organizational capabilities required for sustained success.

Most fundamentally, this study demonstrates that Big Data adoption in emerging market telecom contexts is not only feasible
but strategically essential. For ATOMA, migration from Oracle to Hadoop/Spark/Kafka represents a fundamental transformation
in how the organization understands, values, and acts on its data with implications for competitive positioning, customer service
quality, operational efficiency, fraud protection, and Afghanistan's broader digital development trajectory. Future research should
examine realized versus anticipated outcomes through longitudinal follow-up, comparative cross-operator studies in Central Asian
contexts, and quantitative measurement of specific performance improvements post-migration.
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