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Abstract  
 

Digital banking platforms generate large volumes of operational information through transaction processing systems, 

system logs, and customer communication channels. Many studies examine transaction monitoring, fraud detection, and 

cybersecurity events. Customer interaction records receive less attention as a source of operational risk information. This 

study investigates the use of customer interaction data as indicators of operational conditions in digital banking platforms. 

The research examines interaction records collected from support tickets, complaint submissions, chat conversations, and 

service request logs. These records are analyzed together with Management Information System (MIS) event logs in order 

to identify recurring service issues and operational patterns. The proposed analytical framework organizes interaction data 

through several stages that include data collection, preprocessing, interaction pattern detection, and operational risk 

indicator generation. Repeated reports related to transaction delays, authentication failures, and application performance 

problems appear within the interaction dataset. These patterns correspond to operational events recorded in system activity 

logs. The study also introduces a quantitative operational risk score calculated from the frequency and severity of 

interaction categories. The results indicate that customer interaction datasets contain measurable signals related to 

operational disruptions within digital banking platforms. The analytical framework demonstrates that interaction records 

provide an additional information source for operational monitoring and risk analysis in digital financial services. 

Keywords: Banking analytics, Complaint monitoring, financial risk indicators, Digital banking systems, Operational 

analytics. 
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I. INTRODUCTION 
Digital banking platforms play a central role in 

the delivery of modern financial services. Customers 

conduct transactions, manage accounts, and 

communicate with financial institutions through mobile 

and web applications. These platforms operate through 

interconnected systems that include transaction 

processing engines, authentication services, application 

interfaces, and data management infrastructures. 

Continuous operation of these components is necessary 

for reliable banking services. Any disruption in these 

systems may affect financial transactions and customer 

service performance. Digital banking environments 

generate large volumes of operational data. Transaction 

records, authentication logs, and system activity reports 

provide detailed information about platform behavior. 

Financial institutions analyze these datasets in order to 

observe operational conditions and identify irregular 

system activity. Data-driven analytics integrated with 

Management Information Systems (MIS) supports 

financial reporting and operational monitoring across 

enterprise environments [1]. Secure data management 

architectures also support digital transformation within 

financial and IT systems that handle large volumes of 

operational information [2]. Research on financial 

analytics frequently examines operational data in order 

to evaluate financial performance and detect system 

anomalies. Machine learning models have been applied 

to financial datasets to estimate key performance 

indicators and operational metrics in enterprise 

environments [7]. Analytical systems also examine MIS 

event logs to identify irregular operational patterns and 
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internal control issues within financial organizations [3]. 

In addition, data governance frameworks address privacy 

protection and structured data management in digital 

enterprise environments [12]. These analytical 

approaches demonstrate how system records support 

monitoring of operational activity within financial 

systems. Modern digital banking platforms also rely on 

large-scale computing infrastructure and distributed 

service environments. Cloud-based financial platforms 

process financial transactions and service interactions 

across distributed networks [11]. Infrastructure 

monitoring tools and automated administration systems 

provide operational information regarding system 

performance, resource usage, and service activity within 

these environments [16,18]. Security monitoring systems 

examine system access activity and network behavior to 

identify abnormal operational conditions in digital 

service platforms [9,21]. These monitoring tools focus 

primarily on technical system activity recorded in 

infrastructure logs. Although these studies provide 

valuable insight into operational monitoring within 

financial systems, most research emphasizes transaction 

monitoring, infrastructure analytics, and cybersecurity 

observation. Analytical models frequently rely on 

transaction records, system logs, and network activity 

reports. These datasets describe system-level events 

within digital banking environments. 

 

Digital banking platforms also generate 

extensive customer interaction records that describe user 

experiences during financial service activities. 

Customers communicate with financial institutions 

through support tickets, complaint submissions, chat 

conversations, and feedback channels. These 

communication records often contain descriptions of 

operational issues encountered during banking activities. 

Customers report transaction delays, login problems, 

service interruptions, and application errors through 

these interaction channels. Interaction datasets therefore 

contain information related to operational conditions 

experienced during financial service usage. Despite the 

availability of these records, customer interaction data 

receives limited attention in operational risk analysis for 

digital banking systems. Most monitoring frameworks 

rely primarily on system logs and infrastructure metrics. 

Interaction records provide direct descriptions of 

operational problems encountered during service usage. 

Examination of these records may therefore reveal 

operational conditions that influence both system 

performance and customer experience. This study 

presents an analytical framework that examines customer 

interaction records together with MIS event logs in order 

to derive operational risk indicators for digital banking 

platforms. The proposed framework analyzes recurring 

interaction patterns that correspond to service disruptions 

and operational irregularities. These patterns are 

translated into measurable indicators representing 

operational conditions such as transaction processing 

delays, authentication instability, and digital platform 

performance issues. The study also introduces an 

analytical workflow that integrates interaction datasets 

with system activity records for operational monitoring 

in digital financial services. 

 

This study examines how customer interaction 

data can support operational risk monitoring in digital 

banking platforms. The research focuses on identifying 

recurring service issue patterns within customer 

interaction records such as support tickets, complaints, 

and chat conversations. It also integrates customer 

interaction data with MIS event logs to analyze 

operational conditions within digital banking systems. 

Another objective involves developing a framework that 

converts interaction patterns into measurable operational 

risk indicators representing issues such as transaction 

delays, authentication problems, and platform 

performance concerns. The study further presents an 

analytical workflow for interaction-based operational 

monitoring and evaluates the relationship between 

customer interaction patterns and operational disruptions 

within digital banking services. 

 

II. Related Work 

A. Financial Data Analytics and Digital Banking 

Risk Management 

Research on financial information systems 

examines how analytical tools support risk monitoring in 

digital financial services. Data-driven financial analytics 

integrated with Management Information Systems (MIS) 

provide structured access to financial records and 

transaction datasets that support operational analysis [1]. 

Studies on digital finance infrastructures also address 

scalable storage and processing methods for financial 

data used in enterprise platforms [2]. Fraud detection and 

financial threat monitoring have received significant 

attention in recent work. Real-time analytics platforms 

apply machine learning models to detect suspicious 

transactions and abnormal behavioral patterns in 

financial systems [10]. Other research introduces 

financial risk management models that combine privacy-

preserving analytics and federated learning to support 

collaborative data analysis among organizations while 

protecting sensitive information [6]. These studies show 

that financial analytics platforms and secure data 

environments support operational monitoring in digital 

financial systems. 

 

B. MIS Event Logs and Enterprise Analytics for 

Operational Monitoring 

Enterprise information systems record 

operational activities through MIS event logs, which 

provide structured records of system events and user 

interactions. Internal control models analyze these event 

logs to detect irregular operational patterns and 

compliance issues in organizational processes [3]. 

Service-oriented analytics frameworks also examine 

workforce data and operational records to evaluate 

service performance and organizational activity [4]. 

Machine learning models contribute to this area through 

predictive analytics for financial indicators and 
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operational performance metrics [7]. Enterprise 

dashboards and SQL-based data quality frameworks 

support analytics across multiple data sources and 

support consistent reporting within enterprise systems 

[8]. Together, these studies demonstrate how enterprise 

analytics platforms extract operational indicators from 

large volumes of system interaction data. 

 

C. Cloud and Data Infrastructure for Digital Service 

Platforms 

Digital financial services depend on distributed 

computing platforms that process large transaction 

datasets and user interaction records. Cloud-native 

fintech analytics platforms support transaction 

monitoring and digital service analytics across 

distributed financial networks [11]. Research on 

enterprise data governance also examines ethical AI 

policies and data management structures that guide the 

use of analytics in enterprise systems [12]. 

Conversational analytics platforms process user 

feedback and interaction data from digital service 

interfaces to support decision support systems and 

service management processes [13]. Infrastructure 

research also addresses hybrid cloud architecture, system 

monitoring frameworks, and data center administration 

models used in enterprise computing environments 

[16,19,20]. These infrastructures support data processing 

tasks required for large-scale digital financial platforms. 

 

D. Cybersecurity, Monitoring Systems, and 

Operational Intelligence 

Operational monitoring in digital platforms also 

includes security analysis and infrastructure monitoring. 

Identity and access management research examines 

anomaly detection methods used to identify abnormal 

system activities and unauthorized access attempts [9]. 

Network monitoring dashboards support continuous 

observation of system performance and digital 

infrastructure activities [22]. Automated threat detection 

models identify cyber incidents and abnormal network 

behavior in enterprise environments [23]. Incident 

response frameworks analyze system vulnerabilities and 

support threat mitigation procedures in corporate 

networks [21]. Additional studies discuss AI-supported 

monitoring platforms and infrastructure automation 

systems that analyze operational data within enterprise 

technology environments [24]. These works indicate that 

monitoring systems and cybersecurity analytics support 

the identification of operational risk indicators in digital 

service platforms. 

 

III. METHODOLOGY 
This study presents a methodological 

framework that derives operational risk indicators from 

customer interaction records generated within digital 

banking platforms. Digital banking services produce 

large volumes of interaction data through customer 

communications, support requests, complaints, and 

service logs. These records contain descriptions of 

operational issues experienced during banking activities. 

Careful examination of such records reveals observable 

conditions related to service reliability, transaction 

processing, and platform performance. The methodology 

integrates customer interaction data with Management 

Information System (MIS) event logs in order to identify 

patterns associated with operational disruptions. 

Interaction records pass through several analytical stages 

that transform raw communication data into structured 

operational indicators. These indicators support 

observation of operational conditions such as service 

delays, authentication instability, and platform 

performance variation. 

 

A. Proposed Analytical Framework 

The analytical framework treats customer 

interaction records as signals that reflect operational 

conditions within digital banking systems. Customers 

communicate with banking services through several 

digital channels, including support portals, complaint 

systems, chat interfaces, and feedback forms. Each 

interaction produces a record describing the 

circumstances experienced during a banking activity. 

The framework organizes these records through a 

structured analytical sequence. Interaction data collected 

from service channels combines with MIS event logs that 

record system activities such as transaction processing 

and authentication events. The resulting dataset contains 

both user-reported issues and system activity records. 

 

Preprocessing procedures organize the 

combined dataset into standardized categories. 

Categorization allows the dataset to represent recurring 

service issues in a consistent form. Interaction records 

then undergo analytical examination to detect repeated 

patterns associated with operational disruptions. 

Recurring interaction patterns indicate potential 

operational conditions within the banking platform. The 

analytical framework converts these patterns into 

operational risk indicators that represent service 

interruptions, authentication problems, and system 

performance issues. Figure 1 presents the conceptual 

structure of the proposed framework. 
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Figure 1: Conceptual framework for deriving operational risk indicators from customer interaction data in digital 

banking platforms 

 

The diagram can be represented as a sequence 

diagram with six components placed in sequence from 

left to right. The first component is for Customer 

Interaction Channels, which includes support tickets, 

complaint submission, chat conversations, and requests 

for service. The second component represents MIS Event 

Logs, which record system activities such as transaction 

execution and authentication events. Both components 

connect to the third stage, Integrated Interaction Dataset, 

where interaction records and system logs form a unified 

dataset. The fourth component represents Interaction 

Pattern Detection, where recurring service issues and 

interaction trends appear through analytical examination. 

The fifth component represents Operational Risk 

Indicators, which summarize the detected patterns. The 

final component represents Operational Risk 

Monitoring, where these indicators support observation 

of operational conditions within the digital banking 

platform. 

 

B. Customer Interaction Data Collection 

Customer interaction data originates from 

several digital communication channels used in online 

banking services. These channels include customer 

support portals, complaint management platforms, live 

chat services, and digital feedback systems. Each 

channel produces records that describe user experiences 

during banking activities. Customer support tickets 

represent structured service requests submitted through 

digital banking platforms. These records often contain 

descriptions of transaction failures, delayed transfers, 

account access problems, or system errors. Complaint 

management systems record formal complaints 

submitted after service disruptions remain unresolved. 

Such complaints frequently contain detailed 

explanations of operational difficulties encountered 

during financial transactions. Live chat systems generate 

conversational records between customers and service 

agents. These conversations often include immediate 

descriptions of service problems that occur during online 

banking sessions. Service request logs capture additional 

operational attributes such as interaction timestamps, 

issue categories, and resolution outcomes. These records 

allow observation of service activity trends across time. 

The dataset also includes MIS event logs generated 

within the banking infrastructure. These logs record 

transaction execution events, authentication attempts, 

and service processing activities. Integration of 

interaction records with MIS event logs allows 

examination of relationships between customer reports 

and system activity within the digital banking 

environment. 

 

C. Data Processing and Interaction Log Analysis 

Customer interaction datasets contain 

structured attributes as well as textual descriptions. 

Analytical examination requires preprocessing 

procedures that convert these records into a consistent 

dataset suitable for analysis. Data cleaning removes 

incomplete entries and duplicate records. The resulting 

dataset undergoes categorization according to 

standardized interaction types. Similar service issues 

appear under consistent labels such as transaction errors, 

authentication problems, service delays, or application 

performance issues. Text descriptions contained in 

interaction records provide additional information 

regarding service problems. Keyword identification 

techniques extract recurring issue terms from customer 

communications. These terms assist the classification of 

interaction records according to operational themes. 

Interaction records are then matched with MIS event logs 

that record system activities during corresponding 

operational periods. Temporal comparison reveals 

relationships between customer reports and operational 
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events recorded in system logs. For example, a 

concentration of customer complaints related to payment 

failures may correspond to system events indicating 

transaction processing delays. This integrated dataset 

supports interaction log analysis that identifies patterns 

reflecting operational behavior within the digital banking 

platform. 

 

D. Operational Risk Indicator Identification 

Operational risk indicators originate from 

recurring patterns detected within interaction records. 

Repeated descriptions of similar service problems often 

correspond to operational conditions within the banking 

platform. Interaction analysis examines how frequently 

particular service issues appear across customer records. 

Numerous reports of delayed transactions may indicate 

congestion within transaction processing systems. 

Frequent login complaints may correspond to 

authentication instability. Reports describing application 

errors may signal performance limitations within the 

digital platform. These recurring patterns translate into 

operational risk indicators that represent observable 

operational conditions. Table 1 summarizes examples of 

interaction sources and the operational indicators derived 

from them. 

 

Table 1: Customer interaction data and derived operational risk indicators 

Customer Interaction Source Observed Interaction Pattern Derived Operational Risk Indicator 

Customer support tickets Frequent reports of failed transactions Transaction processing instability 

Complaint submissions Repeated reports of delayed payments Transaction delay risk 

Live chat conversations High number of authentication issues Authentication reliability risk 

Service request logs Increased verification requests Identity verification system pressure 

Customer feedback records Reports of application performance problems Digital platform performance risk 

 

  The indicators shown in Table 1 summarize 

operational issues reflected in customer communication 

records. 

 

E. Operational Risk Monitoring Model 

The final stage integrates the extracted 

indicators into a monitoring model for digital banking 

systems. This model evaluates interaction trends and 

translates them into signals representing operational 

conditions within the banking platform. The monitoring 

process begins with continuous collection of interaction 

records and system activity logs. Preprocessing 

procedures organize and categorize these records into a 

structured dataset. Feature extraction identifies attributes 

such as interaction type, issue category, and occurrence 

frequency. Interaction pattern analysis evaluates the 

frequency of operational issues across time intervals. 

Concentrated occurrences within short periods may 

indicate operational stress within the banking platform. 

The resulting indicators provide signals that support 

operational monitoring systems used within digital 

banking services. Figure 2 illustrates the analytical 

workflow applied in the methodology. 

 

 
Figure 2: Analytical workflow for deriving operational risk indicators from customer interaction records 

 

The diagram consists of six sequential stages 

arranged from left to right. The first stage represents Data 

Collection, which gathers interaction records and MIS 

event logs from digital banking systems. The second 

stage represents Data Preprocessing, where records 

undergo cleaning and categorization. The third stage 

represents Feature Extraction, which identifies attributes 

such as issue category and interaction frequency. The 

fourth stage represents Interaction Pattern Analysis, 

which examines recurring service issues and operational 

trends. The fifth stage represents Risk Indicator 

Generation, where interaction patterns convert into 

operational indicators. The final stage represents 

Operational Risk Monitoring, where these indicators 

support observation of operational conditions within the 

digital banking platform. 

 

Research Gap 

Previous research on operational risk within 

financial systems concentrates on transaction fraud 

detection, cybersecurity monitoring, and infrastructure 

analytics derived from system logs or network activity. 

These approaches address security incidents and system 

performance conditions. Customer interaction data 

receives limited attention as a source of operational risk 

analysis in digital banking platforms. Customer 

communications often contain direct descriptions of 

service disruptions experienced during banking 

activities. The methodology presented in this study 
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addresses this gap through systematic analysis of 

customer interaction records combined with MIS event 

logs in order to derive operational risk indicators for 

digital banking systems. 

 

IV. DISCUSSION AND RESULTS 
This section presents the analytical results 

obtained from the methodological framework described 

earlier. The analysis examines customer interaction 

records collected from digital banking service channels 

and relates these records to operational conditions 

observed in system activity logs. Interaction data 

provides descriptions of service problems encountered 

during banking activities. These descriptions include 

transaction delays, authentication errors, and application 

performance problems. Systematic examination of 

interaction records reveals patterns associated with 

operational conditions within the banking platform. 

Repeated issue reports appear across several interaction 

channels. When these reports occur within short time 

intervals, they often correspond to operational events 

recorded in MIS system logs. The combined analysis of 

interaction records and system activity data produces 

indicators that represent operational conditions in digital 

banking services. 

 

A. Interaction Pattern Analysis in Digital Banking 

Platforms 

Customer interaction datasets contain records 

from multiple service channels. The dataset examined in 

this study includes support tickets, complaint 

submissions, chat conversations, service requests, and 

feedback messages. Each interaction record provides 

information related to a service issue experienced during 

a banking transaction. Interaction analysis identifies 

several recurring issue categories. Transaction 

processing delays appear frequently in support tickets 

and complaint records. Authentication issues appear 

often in chat conversations and login assistance requests. 

Platform performance issues occur in feedback messages 

related to mobile or web banking applications. Temporal 

patterns also appear in the interaction dataset. Several 

interaction reports occur within short time periods during 

operational disturbances. These clusters often 

correspond to system events recorded in MIS logs that 

indicate transaction processing delays or authentication 

failures. Figure 3 illustrates the distribution of interaction 

categories observed during the analysis. 

 

 
Figure 3: Distribution of customer interaction categories used in operational risk analysis. 

 

The figure indicates that support tickets and 

complaint submissions form the largest portion of 

interaction records. These categories often contain 

descriptions of transaction delays, payment errors, and 

account access problems. Chat conversations also 

provide important operational information because 

customers frequently report issues during real-time 

support sessions. 

 

B. Derivation of Operational Risk Indicators 

Recurring interaction patterns indicate 

operational conditions within the banking platform. 

Interaction analysis evaluates the frequency and 

distribution of issue categories reported in customer 

communications. When similar issues appear repeatedly 

in interaction records, the pattern signals a potential 

operational problem within the digital banking system. 

Several operational indicators appear from the 

interaction analysis. Transaction processing instability 

corresponds to frequent reports of failed or incomplete 

financial transactions. Payment delay risk appears in 

repeated complaints related to delayed transfers or 

payment confirmation problems. Authentication 

reliability risk corresponds to login failures and 

password verification issues. Platform performance risk 

appears in feedback messages describing application 

errors or slow system response. Table 2 summarizes 

operational indicators derived from interaction records. 



 
 

Md Imran Hossain Bhuiyan et al; Saudi J Eng Technol, Apr, 2026; 11(4): 266-275 

© 2026 | Published by Scholars Middle East Publishers, Dubai, United Arab Emirates                                            272 

 

Table 2: Operational risk indicators derived from customer interaction data 

Interaction Category Observed Issue Pattern Derived Operational Indicator 

Support tickets Failed or incomplete transactions Transaction processing instability 

Complaint submissions Delayed transfers or payments Payment processing delay risk 

Chat conversations Login and authentication problems Authentication reliability risk 

Service requests Repeated verification requests Identity verification pressure 

Feedback messages Application errors or slow response Platform performance risk 

 

The indicators listed in Table 2 represent 

operational conditions observed through customer 

communication records. Each indicator corresponds to a 

service disruption category within the digital banking 

system. 

 

C. Quantitative Operational Risk Scoring 

Interaction patterns detected in the analysis 

allow construction of a quantitative operational risk 

score. The score represents the aggregated influence of 

interaction indicators within a given time period. 

 

Let: 

● 𝑓𝑖 denote the frequency of issue category 𝑖 
● 𝑤𝑖 denote the severity weight assigned to issue 

category 𝑖 
 

The operational risk score is defined as 

 
where: 

● 𝑂𝑅𝑆 represents the operational risk score 

● 𝑛 represents the number of interaction categories 

 

The severity weight reflects the operational 

impact associated with each issue category. For instance, 

transaction failures receive a higher weight than minor 

interface delays because transaction disruptions affect 

financial operations directly. 

A normalized operational risk score allows comparison 

across time intervals: 

 
 

The normalized score provides a proportional 

representation of operational pressure within the banking 

system. Higher values correspond to periods where 

interaction records indicate increased operational 

disturbances. 

 

D. Integration of Interaction Data and System Logs 

Customer interaction data provides information 

about user experiences during digital banking activities. 

System activity logs provide records related to internal 

system operations such as transaction execution, 

authentication attempts, and service response times. Joint 

examination of these datasets reveals relationships 

between user-reported issues and operational events 

recorded in system logs. For example, a sudden increase 

in transaction failure reports may coincide with system 

records indicating processing delays. Similarly, multiple 

login complaints may correspond to authentication 

system errors recorded in MIS logs. Figure 4 illustrates 

the analytical workflow that combines interaction 

records with system activity logs to generate operational 

indicators. 

 

 
Figure 4: Analytical workflow for interaction-based operational risk monitoring 
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The workflow illustrates the sequence of 

analytical steps that convert interaction records into 

operational indicators. Interaction data and system logs 

form a unified dataset. Pattern detection identifies 

recurring service issues. These patterns translate into 

indicators that represent operational conditions. 

 

E. Interpretation of Results 

The results indicate that customer interaction 

records provide valuable information regarding 

operational conditions within digital banking systems. 

Customer communications often contain immediate 

descriptions of service problems encountered during 

financial transactions. These descriptions appear in 

interaction logs soon after service disruptions occur. 

Interaction analysis also reveals several patterns related 

to service reliability. Frequent reports of transaction 

delays correspond to operational pressure within 

transaction processing systems. Authentication problems 

appear during periods of system login failure. 

Application performance complaints appear during high 

system activity periods. Combined analysis of 

interaction records and system logs produces a 

comprehensive representation of operational conditions 

within digital banking services. System logs record 

internal system events, while interaction records capture 

customer experiences during service usage. When these 

data sources appear together in the analytical framework, 

the resulting indicators represent operational conditions 

that affect both system performance and customer 

service quality. 

 

F. Implications for Operational Risk Monitoring 

The analytical results show that customer 

interaction data can function as an additional source of 

information for operational monitoring in digital banking 

systems. Interaction indicators complement existing 

monitoring methods that rely mainly on system logs or 

infrastructure metrics. Operational monitoring systems 

can incorporate interaction indicators into dashboards 

used by banking administrators. These indicators provide 

signals related to service disruptions and system 

instability. Monitoring platforms can track interaction 

trends across time and identify operational disturbances 

within the banking system. The analytical framework 

presented in this study demonstrates that customer 

communication records provide useful information for 

operational risk monitoring. Interaction analysis, 

combined with system activity records, produces 

indicators that represent operational conditions in digital 

banking platforms. 

 

G. Limitations of the Study 

Several limitations affect the interpretation of 

the results presented in this study. The analysis relies 

mainly on customer interaction records collected from 

support tickets, complaint submissions, chat 

conversations, and feedback messages. These records 

capture issues reported through digital service channels; 

operational problems that occur without customer reports 

may remain outside the dataset. Interaction data also 

contains subjective descriptions of service issues, and 

different users may describe similar problems in 

different ways. Such variation can influence issue 

categorization during interaction analysis. The study 

examines interaction records together with MIS event 

logs from a particular digital banking environment. 

Banking platforms often differ in system architecture, 

service design, and operational procedures. These 

differences may influence interaction patterns observed 

in other systems. Future research may include additional 

operational datasets, such as infrastructure monitoring 

records and transaction performance metrics, to obtain a 

broader view of operational conditions. 

 

V. CONCLUSION 
This study presented an analytical framework 

for deriving operational risk indicators from customer 

interaction data in digital banking platforms. The 

proposed approach examined interaction records such as 

support tickets, complaint submissions, chat 

conversations, and service logs together with MIS event 

data in order to identify recurring service issue patterns. 

The analysis shows that customer interaction records 

contain information related to operational conditions 

within digital banking systems. Interaction logs 

frequently reflect transaction delays, authentication 

failures, and platform performance problems 

experienced during financial service usage. These 

observations indicate that interaction-based indicators 

can complement monitoring approaches that rely on 

system logs and infrastructure metrics. The framework 

introduced in this research therefore provides an 

additional analytical perspective for operational 

monitoring in digital financial services through 

systematic examination of customer interaction data. 

 

Future research may extend this framework 

through the use of larger datasets collected from multiple 

digital banking platforms. Additional data sources such 

as transaction monitoring records, infrastructure 

performance metrics, and network activity logs may 

provide a broader view of operational behavior in 

financial systems. Machine learning models may also 

support pattern detection within interaction datasets and 

assist in identifying early signals of operational 

disruption. Further investigation may examine the 

integration of interaction-based indicators into real-time 

monitoring systems used in digital banking operations. 

These directions may contribute to more comprehensive 

approaches for operational risk monitoring in digital 

financial platforms. 
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