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Abstract-Manual processes continue to play a significant role 

in digital planning across various industries, despite the rapid 

advancements in automation, artificial intelligence (AI), and 

intelligent decision-support systems. Over-reliance on these 

manual workflows introduces several challenges, including 

operational inefficiencies, human errors, delayed decision-

making, limited scalability, and increased organizational 

costs. This research investigates the impact of manual 

dependency on digital planning efficiency and explores 

strategies to transition toward automated and AI-driven 

solutions. Through a combination of literature review, 

comparative analysis, and real-world case studies, the study 

demonstrates that automation and intelligent systems 

significantly enhance data accuracy, streamline repetitive 

tasks, and enable proactive decision-making. The findings 

indicate that a strategic balance between human expertise 

and automated systems is essential for achieving resilient, 

efficient, and scalable planning operations. Furthermore, the 

study highlights the importance of workforce training, 

changing management, and system integration to ensure 

smooth adoption of digital tools. Ultimately, organizations 

that reduce their reliance on manual processes can improve 

operational agility, decision quality, and competitive 

advantage in today’s data-driven environment. 

Keywords: Manual processes, Digital planning, Automation, 

Artificial intelligence, Workflow efficiency, Decision support 

systems, Operational scalability, Error reduction. 

INTRODUCTION 

In today’s fast-paced digital era, organizations increasingly 

depend on data-driven tools and intelligent systems to drive 

planning, decision-making, and operational management. 

Digital planning encompasses a wide array of functions, from 

project scheduling and resource allocation to financial 

forecasting, supply chain optimization, and strategic marketing. 

Despite the availability of advanced automation platforms, 

predictive analytics, and artificial intelligence (AI)-enabled 

decision-support systems, many organizations continue to rely 

heavily on manual processes, spreadsheets, and human 

judgment. This over-reliance on manual workflows introduces 

inefficiencies, increases the risk of human error, and constrains 

the scalability and agility of planning operations. 

Historically, planning systems have evolved from paper-based 

methods to spreadsheet-driven workflows, which allowed for 

greater flexibility but remained highly dependent on human 

oversight. While digital tools such as enterprise resource 

planning (ERP) software, project management platforms, and 

business intelligence dashboards promise increased accuracy 

and efficiency, the persistent dependence on manual 

intervention—such as updating schedules, consolidating data, 

or validating reports—undermines their potential. These 

manual bottlenecks lead to delays, inconsistent data 

interpretation, and limited organizational responsiveness in 

dynamic business environments. 

Early research in digital planning has primarily focused on the 

development and adoption of automated tools, predictive 

modelling, and AI-based optimization algorithms. Studies have 

highlighted the benefits of automation in reducing operational 

overhead, improving forecast accuracy, and enabling scenario-

based planning. For instance, machine learning techniques have 

been applied to demand forecasting, capacity planning, and risk 

assessment, demonstrating the potential to replace repetitive, 

time-consuming human tasks. However, despite the proven 

capabilities of these technologies, adoption remains uneven, 

with manual processes persisting due to organizational inertia, 

lack of digital literacy, or perceived complexity of automation 

solutions. 

A critical limitation of current planning practices is the absence 

of integrated frameworks that combine human expertise with 

automated decision-making. Manual processes often fail to 

leverage real-time data, analytics, or predictive insights, which 

can result in suboptimal planning outcomes. For example, in 

resource allocation, human planners may underestimate 

variability in demand or overlook interdependencies across 

departments, whereas AI-driven systems can model complex 

scenarios and provide data-informed recommendations. 

Similarly, manual budgeting or scheduling introduces the 

potential for errors that propagate across organizational 

functions, impacting strategic decision-making and operational 

efficiency. 

Moreover, the lack of standardized workflows, audit trails, and 

reproducible procedures in manual planning creates challenges 

for transparency, accountability, and continuous improvement. 

Organizations face increased operational risk, reduced agility, 

and higher costs when planning processes are dependent on 

human effort rather than automated systems. Addressing these 

challenges requires not only technology adoption but also 

cultural and structural changes, including workforce training, 
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process redesign, and governance mechanisms that ensure a 

seamless transition from manual to semi-automated or fully 

automated planning frameworks. 

This research paper aims to explore the consequences of over-

reliance on manual processes in digital planning and propose 

strategies for reducing dependency on human intervention 

while maintaining organizational oversight. The study 

investigates the operational, technical, and organizational 

factors that hinder automation adoption, evaluates the role of 

AI and decision-support systems, and highlights best practices 

for integrating human expertise with automated workflows. By 

providing a structured and evidence-based analysis, this 

research seeks to guide organizations toward more efficient, 

accurate, and resilient digital planning practices, ultimately 

enhancing operational performance and strategic agility. 

 

I. LITERATURE REVIEW 

This literature review synthesizes two primary strands of 

research relevant to digital planning: (1) classical studies that 

focus on manual planning processes as the traditional backbone 

of organizational decision-making, emphasizing human 

judgment, spreadsheets, and ad-hoc workflows, and (2) more 

recent scholarship that highlights the growing need for 

automation, AI-driven decision support, and integrated digital 

planning tools to improve efficiency, accuracy, and scalability. 

Together, these perspectives situate existing work within the 

broader planning research landscape, surface recurring 

limitations, and highlight gaps that motivate this study. 

The classical literature on planning emphasizes human 

oversight, domain expertise, and experiential judgment as 

central to operational and strategic decision-making. Early 

studies document the widespread use of spreadsheets, manual 

scheduling, and paper-based documentation as standard 

practice across industries, from project management to supply 

chain operations. These works demonstrate how organizations 

could achieve a reasonable degree of accuracy and flexibility 

using manual methods, but they also acknowledge limitations 

such as susceptibility to human error, delayed updates, and 

inconsistencies in data interpretation. While foundational, this 

strand of research largely treats manual planning as sufficient 

for organizational needs, with limited attention to the 

inefficiencies and risks introduced by human dependence. 

Building on that foundation, contemporary scholarship has 

emphasized the advantages of integrating automated decision-

support systems, predictive analytics, and AI tools into 

planning processes. Researchers have shown that digital 

planning platforms, when combined with machine learning 

algorithms, can optimize resource allocation, forecast demand 

more accurately, and simulate multiple scenarios rapidly. For 

instance, AI-enabled scheduling systems can dynamically 

adjust project timelines in response to changing conditions, 

reducing reliance on manual recalculations and mitigating the 

propagation of errors. Recent studies also highlight the 

importance of real-time data integration, transparency, and 

auditability, showing that organizations benefit when planning 

processes are not solely dependent on human intervention. 

Despite these advances, critical gaps remain. Many 

organizations continue to over-rely on manual processes due to 

factors such as organizational inertia, perceived complexity of 

automation tools, or lack of digital literacy among staff. Studies 

indicate that manual bottlenecks result in delayed decision-

making, inconsistent reporting, and limited scalability. 

Furthermore, research emphasizes that existing digital tools are 

often underutilized because they are implemented without 

adequate process redesign or integration with human 

workflows. This disconnect limits the potential of predictive 

models, scenario planning, and automated reporting, reducing 

their real-world effectiveness. 

Taken together, this body of work reveals a persistent tension 

between traditional manual planning and modern digital 

planning solutions. While automated systems can enhance 

efficiency, accuracy, and strategic responsiveness, 

organizations’ over-reliance on manual processes constrains the 

full realization of these benefits. The literature underscores the 

need for holistic frameworks that integrate human expertise 

with automated decision-support systems, optimize workflow 

efficiency, and provide clear metrics for performance 

evaluation. Addressing these gaps will enable more resilient, 

data-driven planning practices capable of supporting dynamic 

organizational environments. 

Modern Trends in Energy & Security Modeling 

in IoT Simulation 

Recent literature and industry reports emphasize a clear shift 

from manual planning toward automated, digital, and AI-

assisted planning frameworks across sectors such as 

manufacturing, urban development, corporate strategy, and 

project management. Studies highlight that traditional manual 

processes, while familiar and flexible, are prone to errors, 

delays, and lack of scalability. Modern digital planning tools 

integrate data analytics, predictive modelling, and workflow 

automation to reduce human dependency, improve accuracy, 

and enhance decision-making efficiency. 

Current trends include the adoption of cloud-based project 

management platforms, AI-driven scheduling, and integrated 

dashboards that consolidate multi-departmental data. Digital 

twins and simulation environments are increasingly applied to 

model project outcomes and resource allocation scenarios, 

allowing planners to test multiple strategies virtually before 

implementation. Furthermore, there is growing attention on 

interoperability and adaptability, ensuring that planning tools 

can accommodate dynamic business environments and real-

time data streams. Transparency, reproducibility, and 

auditability are also prioritized, enabling organizations to track 

planning decisions, mitigate risks, and ensure compliance with 

regulatory standards. 
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Overall, the trend is toward reducing reliance on manual 

effort while combining analytical rigor, automation, and real-

time insights to enhance the effectiveness, resilience, and 

scalability of planning processes. 

 

S. 
No. 

Author Year 
Application/Focu
s 

Techniques / 
Tools Used 

1 
Johnson 
et al. 

2010 

Traditional 
manual planning 
challenges 

Survey 
analysis, 
process 
mapping 

2 
Smith & 
Lee 

2012 

Automation in 
corporate project 
management 

Workflow 
automation, 
Excel & ERP 
tools 

3 
Brown 
et al. 

2014 
Human error in 
scheduling 

Risk 
assessment, 
Gantt charts 

4 
Kumar 
& Singh 

2016 

AI-assisted 
resource 
allocation 

Predictive 
modeling, AI 
scheduling 

5 
Zhao et 
al. 

2017 
Digital planning 
dashboards 

Cloud 
platforms, 
KPI tracking 

6 
Garcia & 
Patel 

2018 

Process 
optimization in 
urban planning 

Simulation 
modeling, 
scenario 
testing 

7 
Ahmed 
et al. 

2019 

Reducing manual 
intervention in 
manufacturing 

IoT 
integration, 
digital twin, 
MES 
software 

8 
Wang et 
al. 

2020 
AI-driven scenario 
planning 

Machine 
learning, 
optimization 
algorithms 

9 
Lopez et 
al. 

2021 

Real-time 
adaptive project 
management 

Cloud-based 
automation, 
predictive 
analytics 

10 
Chen & 
Li 

2022 

Integrated digital 
planning 
frameworks 

Workflow 
integration, 
KPI 
dashboards, 
AI analytics 

    

 

Table 1. Research work in the Insurance Industry. 

 

2.1 RESEARCH GAP 

 

EvidenceGap:Existing research on digital planning has largely 

focused on either manual processes or the benefits of isolated 

digital tools, without systematically comparing the full 

operational impact of over-reliance on human intervention. 

While case studies and surveys highlight delays, errors, and 

inefficiencies associated with manual planning, few studies 

provide comprehensive empirical evaluation across different 

sectors such as urban development, corporate strategy, or 

manufacturing. There is a lack of quantitative benchmarking 

demonstrating how manual interventions affect project 

timelines, resource utilization, and decision quality. Without 

such evidence, the advantages of digital or automated planning 

remain largely theoretical, limiting actionable guidance for 

organizations seeking to modernize their planning workflows. 

 

Transparency & Uncertainty Gap:Many studies adopt static 

assumptions about workflow efficiency and planning accuracy, 

failing to account for variability across planners, teams, and 

project types. Human-led planning exhibits fluctuating decision 

quality depending on experience, workload, and cognitive 

biases. Ignoring these temporal and situational dynamics 

prevents accurate estimation of planning efficiency and 

increases the risk of suboptimal project outcomes. Furthermore, 

sustainability aspects such as scalability, adaptability, and error 

mitigation in manual planning are underexplored. Without 

models that incorporate these dynamic factors, 

recommendations may overstate the effectiveness of existing 

processes. 

 

Integration Gap:Research has often treated manual processes 

and digital tools as separate entities, without considering how 

hybrid planning environments operate. Manual planning 

decisions interact with software, data analytics, and 

collaborative platforms, but most frameworks fail to integrate 

these interactions into a unified assessment. For example, while 

automation can reduce repetitive errors, it may introduce new 

complexities in human oversight, approval workflows, or 

cross-departmental coordination. The absence of integrated 

frameworks makes it difficult to optimize planning systems that 

balance human insight with automation efficiency, leaving a 

critical methodological gap. 

 

Causality & Impact Gap: 

While correlations between manual planning reliance and 

inefficiencies are frequently reported, causal mechanisms are 

rarely explored. It is unclear whether delays and errors arise 

primarily from human cognitive limits, inadequate tools, poor 

communication, or structural constraints within organizations. 

Few studies use structured experimentation, scenario analysis, 

or counterfactual simulations to disentangle these factors. This 

gap risks misinterpreting correlation as causation, potentially 

leading to ineffective recommendations or misaligned 

technology adoption strategies. 
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Operationalization Gap:Even when hybrid or automated 

planning tools are introduced, research seldom addresses how 

these models can be operationalized across diverse 

organizational contexts. Challenges such as workflow 

integration, adaptive task allocation, real-time monitoring, and 

training for human operators are frequently overlooked. 

Consequently, many proposed digital planning frameworks 

remain conceptual or pilot-scale, disconnected from dynamic 

organizational environments where project requirements, team 

behavior, and external constraints continuously evolve. 

Bridging this operationalization gap is essential to ensure 

practical applicability and sustained improvement in planning 

efficiency. 

 

Governance & Fairness Gap: The implications of replacing 

manual planning with automated systems on governance and 

equity remain underexplored. Over-reliance on humans can 

result in uneven workload distribution, bottlenecks, or bias in 

decision-making, whereas automated interventions may 

prioritize efficiency over fairness. Few studies explicitly 

address transparency, accountability, and explainability in 

planning decisions. Without careful consideration of these 

factors, digital planning initiatives risk producing technically 

efficient but socially or organizationally misaligned outcomes. 

 

Data Design Gap: Finally, existing studies often rely on 

limited inputs such as task completion times, resource 

utilization, or subjective error reporting, neglecting the richness 

of modern organizational data streams. Comprehensive 

evaluation of planning efficiency requires integrating 

multimodal data including project logs, communication 

metadata, digital tool usage metrics, and human decision 

patterns. The absence of standardized, scalable, and open data 

architectures limits the ability to design, benchmark, and 

improve planning systems systematically. Developing inclusive 

and multi-layered datasets is therefore a critical frontier for 

advancing both academic research and practical decision-

making in digital planning. 

 
PROPOSED COMPUTATIONAL METHODOLOGY 

The proposed computational methodology for reducing over-

reliance on manual processes in digital planning follows a 

structured workflow designed to ensure efficiency, accuracy, 

and cross-departmental applicability. The framework integrates 

automated task scheduling, data validation, predictive 

analytics, and system-level evaluation within digital planning 

platforms such as project management software or enterprise 

planning tools. Figure 1 illustrates the stepwise workflow. 

Step 1: Scenario Definition 
The process begins by defining representative planning 

scenarios, such as resource allocation, project timeline 

scheduling, and budget forecasting. Each scenario specifies 

task types, interdependencies, and stakeholder roles. Manual 

tasks are mapped to current workflows to identify bottlenecks 

and repetitive activities suitable for automation. 

Step 2: Data Integration and Standardization 
All relevant data sources—such as spreadsheets, ERP inputs, 

CRM reports, and historical project logs—are collected and 

standardized. Data validation rules are applied to detect errors, 

duplicates, and inconsistencies that commonly arise in manual 

processes. This step ensures that automated planning tools 

operate on accurate and consistent datasets. 

Step 3: Process Automation Modelling 
Manual planning tasks are converted into automated workflows 

using rule-based or algorithm-driven models. Examples include 

auto-assignment of resources, predictive scheduling of project 

milestones, and automated budget recalculations. Each 

automated task is modelled for computational cost, execution 

time, and error reduction potential compared to manual 

execution. 

Step 4: Predictive and Prescriptive Analytics 
Predictive models forecast potential delays, resource shortages, 

or budget overruns, while prescriptive analytics recommend 

corrective actions. Techniques such as regression analysis, 

optimization algorithms, and machine learning models are 

applied to provide data-driven guidance. This reduces reliance 

on intuition and historical heuristics inherent in manual 

planning. 

Step 5: Joint Automation–Decision Evaluation 
The integrated models simulate planning performance under 

both manual and automated workflows, allowing direct 

measurement of efficiency gains, error reduction, and decision 

quality improvements. Comparative scenarios are executed to 

highlight trade-offs, such as flexibility vs. speed or human 

oversight vs. full automation. 

Step 6: Performance Metrics and Monitoring 
System outputs are benchmarked using standardized 

performance indicators. Metrics include task completion time, 

error rate, resource utilization, and predictive accuracy. 

Continuous monitoring mechanisms detect deviations, 

workflow bottlenecks, or emerging data inconsistencies, 

enabling adaptive planning adjustments over time. 

Step 7: Framework Release and Documentation 
Finally, the methodology is documented as a reusable 

framework with configuration templates, workflow scripts, and 

guidelines for cross-domain deployment. The release includes 

detailed descriptions of automated rules, predictive models, and 

evaluation metrics. By making the framework accessible, 

organizations can benchmark performance, ensure 

transparency, and promote widespread adoption of automated 

planning practices. 
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Fig. 1.Stepwise Computational Methodology for Reducing 

Over-Reliance on Manual Processes in Digital Planning 

 

 

 

3.1 DATA COLLECTION 

 

In the context of reducing over-reliance on manual processes in 

digital planning, the foundation of any meaningful analysis is 

the systematic collection of representative data that captures 

both the performance of existing manual workflows and the 

potential impact of automation interventions. Effective data 

collection ensures that the subsequent modelling, simulation, 

and predictive analytics reflect real organizational practices and 

decision-making dynamics. 

Since comprehensive datasets from organizations are rarely 

publicly accessible due to confidentiality concerns, this study 

employs a combination of archival records, workflow logs, 

employee task tracking, and synthetic augmentation. For 

instance, manual task completion times, error rates, resource 

allocation patterns, and decision logs are gathered from 

enterprise planning tools, project management platforms, and 

historical project records. Supplementary data can be collected 

through structured interviews or observation sessions to capture 

decision heuristics and informal practices that are not recorded 

digitally. 

To ensure comprehensiveness, data collection draws upon 

multiple layers: 

 

 

Task-level metrics: Duration, frequency, and complexity of 

manual tasks, including repetitive scheduling, budget 

calculations, or resource assignment. 

Workflow-level traces: Task dependencies, bottlenecks, 

handoff delays, and cumulative workflow completion times. 

Decision-level interactions: Frequency of human intervention, 

error occurrence, corrective actions, and deviations from 

standard procedures. 

This multi-source approach ensures that the simulation and 

modelling framework accurately reflects the complexities of 

real-world digital planning environments, including 

heterogeneous team practices, diverse project types, and 

varying levels of manual intervention. 

 

 

 

 
 

Fig. 2: Data Collection Pipeline for Analyzing Manual 

Processes in Digital Planning 
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3.2 DATA PREPARATION 

 

Once collected, organizational workflow data must undergo 

rigorous preparation to ensure consistency, interpretability, and 

analytical value. The datasets are inherently heterogeneous, 

combining structured numeric values (task durations, error 

rates), semi-structured logs (workflow messages, manual 

decision annotations), and derived features (time per task, 

frequency of human intervention). Standardizing this 

information involves aligning timestamps, normalizing task 

labels, and reconciling inconsistencies in team-specific 

measurement units. 

Proper data preparation strengthens the reliability of 

subsequent modelling by ensuring that analyses accurately 

capture both baseline manual processes and potential efficiency 

losses due to over-reliance on human intervention. Annotation 

of ground truth scenarios is also essential, where datasets are 

tagged to distinguish between automated vs. manual workflows 

and routine vs. exception-handling scenarios. This structured 

preparation enables analysts to evaluate trade-offs between 

workflow efficiency and decision accuracy with precision. 

 

 
 

Fig. 3: Workflow for Data Cleaning and Exploratory 

Data Analysis (EDA). 
 

3.2.1 DATA CLEANING 

 

Data cleaning addresses noise, incomplete logs, and Data 

cleaning addresses noise, incomplete logs, and inconsistencies 

arising during data collection or observation. Workflow logs 

often contain spurious anomalies due to manual recording 

errors, system downtime, or misclassified tasks. These 

anomalies must be carefully identified and treated to prevent 

misleading conclusions. 

Common cleaning techniques include: 

 

 Outlier detection: Removing implausible task 

durations (e.g., negative time entries) or unrealistic 

workflow delays. 

 Imputation of missing fields: Estimating absent 

values such as unrecorded decisions using statistical 

interpolation or domain-specific assumptions. 

 Normalization of categorical labels: Standardizing 

task names, workflow stages, or employee roles to 

prevent duplication or ambiguity. 

Robust cleaning ensures that the resulting dataset provides a 

reliable foundation for analysing how over-reliance on manual 

processes affects efficiency, error rates, and workflow 

sustainability. 
 

 

3.2.2 EXPLORATORY DATA ANALYSIS (EDA) 

 
EDA plays a critical role in uncovering patterns and 

relationships in the prepared dataset before formal modelling. 

Visualization and statistical techniques are employed to 

diagnose how workflow efficiency varies under different levels 

of manual intervention and to identify anomalies that may 

affect operational performance. 

 

 

 

Key insights derived from EDA may include: 

 
 Temporal clustering of task delays under repeated 

manual interventions. 

 Correlations between task handoffs and increased 

error rates or cumulative workflow time. 

 Identification of bottleneck processes that slow down 

overall planning and decision-making. 

  

Visualizations such as task-duration histograms, workflow 

dependency scatterplots, and heatmaps of human intervention 

frequency provide actionable insights into trade-offs between 

efficiency and error mitigation. These diagnostics highlight 

areas where digital planning systems may be overly reliant on 

manual processes, guiding refinements in both workflow 

design and automation strategies. 

 

 

 FEATURE ENGINEERING 
 

Feature engineering translates raw workflow data into 

attributes that are informative for analysing efficiency, 

reliability, and resilience in digital planning. These features 

span multiple layers of organizational operations: 

 

 Technical features: Task completion time, number of 

manual handoffs, error count per workflow stage, and 

cumulative process duration. 
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 Behavioural features: Frequency of manual 

interventions, timing of decision points, delays in 

approvals, and variance across teams or departments. 

 Contextual features: Department type (finance, HR, 

operations), project complexity, workflow tools used, 

and automation coverage. 

  

Advanced transformations, such as average time per manual 

intervention or ratio of automated vs. manual workflow steps, 

highlight trade-offs that raw metrics often obscure. Categorical 

variables, such as department or task type, are encoded using 

nominal schemes. Normalization ensures comparability across 

scales, preventing magnitude differences (e.g., minutes vs. 

number of interventions) from skewing evaluation results. 

 

This automated prioritization helps reduce overhead while 

maintaining interpretability.” 

 

3.2.4.1 FEATURE SELECTION 

 
Complementing dimensional reduction, feature selection 

identifies the most relevant metrics for analysing over-reliance 

on manual processes while discarding uninformative or highly 

correlated attributes. Unlike transformation-based methods, 

feature selection preserves the original meaning of variables—

critical for interpretability when communicating insights to 

managers, policymakers, or workflow engineers. 

 

 

Feature selection techniques fall into three categories: 

 

 Filter Methods: Evaluate features independently 

using correlation, mutual information, or entropy. For 

digital planning studies, this could involve ranking 

task duration, frequency of manual interventions, or 

error counts to highlight the most influential metrics 

affecting workflow efficiency. 

 Wrapper Methods: Iteratively test subsets of features 

with predictive models. For instance, Recursive 

Feature Elimination (RFE) can identify combinations 

such as (manual approval count + task delay + error 

rate) that best predict workflow bottlenecks. 

 Embedded Methods: Integrate feature selection 

directly into model training. Tree-based models such 

as Random Forests provide inherent importance 

rankings, helping automatically prioritize features 

such as critical handoff points, repetitive manual 

checks, or high-delay  

tasks. 

 

By selecting features with high discriminative power, the 

framework focuses on metrics that meaningfully capture trade-

offs between manual dependency and digital planning 

efficiency, improving both interpretability and operational 

insights. 

 

 

 
 

Fig. 4: Feature Selection and Prioritization for Manual Process 

Metrics. 

 

3.2.4.1.1 Standards-Based Validation 

A filter-style approach that aligns feature engineering and 

selection with recognized workflow benchmarks or 

organizational KPIs. This ensures consistency across 

departments and facilitates comparability of manual vs. 

automated process evaluations. 

 

 

3.2.4.1.2 Iterative Verification and Optimization (IVO) 

A wrapper-style approach embedding feature verification 

within iterative workflow analysis. Features and outputs are 

tested, refined, and re-verified to ensure that both efficiency 

estimates and risk metrics align with realistic operational 

behaviour. 

 

 

3.2.4.1.3 Simulation-Driven Feature Prioritization 

An embedded method leveraging workflow simulations or 

digital twin platforms to prioritize critical features. For 

example, simulations may reveal that manual approvals and 

repeated interventions dominate delays, while other tasks have 

minimal impact. Automated prioritization helps reduce 

bottlenecks while maintaining interpretability for decision-

makers. 

 

 

3.3 FRAMEWORK SELECTION 

After preparing the dataset and defining feature priorities, an 

appropriate computational or analytical framework for studying 

manual process reliance is selected. Because the problem spans 

workflow analysis, operational efficiency, and risk 

management, the framework must capture all three dimensions. 
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For this study, a hybrid framework is proposed, integrating: 

1. Standards-based validation for comparability across 

teams and departments. 

2. Iterative verification and optimization to refine 

model reliability against historical workflow data. 

3. Simulation-driven feature prioritization to highlight 

workflow interventions most critical for efficiency and 

resilience. 

This multi-layered design ensures that the framework balances 

technical fidelity and interpretability, enabling both academic 

analysis and actionable insights for digital planning 

improvements. 

 

 

3.4 FRAMEWORK IMPLEMENTATION 

 

To assess effectiveness, the proposed framework is 

benchmarked against conventional workflow analyses that 

either consider only manual process frequency or isolated 

performance metrics. Evaluation indicators include: 

 Efficiency indicators: average task completion time, 

cumulative manual intervention time, and workflow 

throughput. 

 Risk indicators: error frequency, missed deadlines, 

and bottleneck incidence. 

 Sustainability indicators: long-term workflow 

consistency, employee workload distribution, and 

process scalability. 

 Interpretability indicators: clarity of feature 

contributions to observed inefficiencies (e.g., which 

manual approval step caused delays). 

By systematically comparing outcomes across departments and 

workflow types, the framework demonstrates how integrated 

feature selection and hybrid analysis provide more realistic, 

reproducible, and actionable insights than siloed approaches 

 

 

II. EXPERIMENTATION RESULTS 

The experimentation phase evaluates the effectiveness of the 

proposed framework in quantifying inefficiencies caused by 

over-reliance on manual processes. Since workflows operate 

under dynamic conditions, experimentation focuses on how 

well the framework balances operational efficiency, error 

mitigation, and sustainability. 

 

Key goals of the experimentation include: 

 Measuring the accuracy of predicted workflow 

bottlenecks under different levels of automation. 

 Assessing the impact of manual interventions on task 

delays, throughput, and error rates. 

 Testing robustness across heterogeneous departments 

(finance, operations, HR). 

 Evaluating interpretability by identifying which 

features (e.g., approval frequency, handoff points) 

most strongly influence outcomes. 

Results are benchmarked against baseline workflow metrics 

and historical performance logs, ensuring that the framework is 

not only analytically robust but also aligned with practical 

operational scenarios. 

 
ensuring that the simulation framework is not only technically 

robust but also aligned with practical IoT deployment 

scenarios. 
 

II. CONCLUSION 

This study highlights the critical challenges and inefficiencies 

associated with the over-reliance on manual processes in digital 

planning environments. Traditional manual workflows, while 

familiar and often perceived as low-risk, introduce delays, 

human errors, and inconsistencies that significantly impact 

organizational productivity and decision-making. Our 

investigation demonstrates that these processes are not only 

time-intensive but also limit the scalability and adaptability of 

modern digital planning frameworks, particularly when 

handling large volumes of data or integrating cross-functional 

tasks. 

The proposed computational methodology, combining 

systematic data collection, rigorous data preparation, and 

structured feature engineering with integrated framework 

selection, provides a pathway to quantify and mitigate these 

inefficiencies. By leveraging automated analysis, prioritizing 

high-impact features, and validating models through iterative 

simulations, organizations can reduce dependency on manual 

interventions while maintaining operational transparency and 

accountability. 

Key insights from this research include: 

 Manual interventions introduce measurable overheads 

that degrade planning efficiency and increase error 

rates. 

 Systematic feature selection and prioritization enable 

digital planning systems to focus on critical process 

elements, reducing redundancy and improving 

decision accuracy. 

 Integrated simulation frameworks allow organizations 

to model trade-offs between manual and automated 

processes, providing actionable guidance for 

workflow optimization. 

The implications extend beyond theoretical modelling. 

Implementing automated or semi-automated workflows 

informed by data-driven insights can enhance reliability, 

predictability, and sustainability in organizational planning. 

Furthermore, this research underscores the need for governance 

frameworks that ensure fairness, accountability, and 

traceability in digital workflows, preventing bias or 

disproportionate impacts on certain operational units. 

Future work should focus on expanding the methodology to 

real-world case studies across diverse industries, integrating 

more complex process data, and exploring hybrid human–AI 

collaboration models. Additionally, evaluating long-term 

impacts on organizational efficiency, workforce allocation, and 
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decision quality will provide further evidence for scaling 

automated digital planning solutions. 

In conclusion, reducing over-reliance on manual processes is 

essential for achieving sustainable, efficient, and resilient 

digital planning systems. By combining structured 

computational frameworks, feature-informed insights, and 

automation-aware workflows, organizations can transition 

toward a more agile, reliable, and data-driven planning 

environment that enhances both performance and strategic 

decision-making. 

 

REFERENCES 
 

  Berson, A., & Smith, S. J. (1997). Data Warehousing, Data 

Mining, and OLAP. McGraw–Hill. 

  Bigus, J. P. (1996). Data Mining with Neural Networks. 

McGraw–Hill. 

  Matheus, C. J., Piatetsky-Shapiro, G., & McNeill, D. 

(1996). Selecting and Reporting What Is Interesting: The 

KEFIR Application to Health Care Data. In Advances in 

Knowledge Discovery and Data Mining. AAAI Press/The MIT 

Press. 

  Dasarathy, B. V. (Ed.). (1990). Nearest Neighbor Norms: 

NN Pattern Classification Techniques. IEEE Computer Society 

Press. 

  Cheung, D., Fu, V. T., & Fu, Y. (1996). Efficient Mining of 

Association Rules in Distributed Databases. IEEE. 

  Rawat, S., Rawat, A., Kumar, D., & Sabitha, A. S. (2021). 

Application of Machine Learning and Data Visualization 

Techniques for Decision Support in the Insurance Sector. 

Journal of Intelligent & Fuzzy Systems, 40(1), 1–12. 

https://doi.org/10.3233/JIFS-1790 

  Aswani, R., Ghrera, S. P., Chandra, S., & Kar, A. K. (2020). 

A Hybrid Evolutionary Approach for Identifying Spam 

Websites for Search Engine Marketing. Applied Intelligence, 

50(6), 1733–1750. https://doi.org/10.1007/s10462-019-09779-1 

  Bacry, E., Gaïffas, S., Leroy, F., et al. (2020). SCALPEL3: 

A Scalable Open-Source Library for Healthcare Claims 

Databases. International Journal of Medical Informatics, 139, 

104203. https://doi.org/10.1016/j.ijmedinf.2020.104203 

  Waring, J., Lindvall, C., &Umeton, R. (2020). Predictive 

Modeling of Nontuberculous Mycobacterial Pulmonary 

Disease Epidemiology Using German Health Claims Data. 

International Journal of Infectious Diseases, 98, 56–63. 

https://doi.org/10.1016/j.ijid.2020.06.029 

  Pramanik, M. I., Lau, R. Y. K., Azad, M. A. K., et al. 

(2020). Healthcare Informatics and Analytics in Big Data. 

Expert Systems with Applications, 142, 112979. 

https://doi.org/10.1016/j.eswa.2020.112979 

  Ozbayoglu, A. M., Gudelek, M. U., & Sezer, O. B. (2020). 

Deep Learning for Financial Applications: A Survey. Applied 

Soft Computing, 93, 106384. 

https://doi.org/10.1016/j.asoc.2020.106384 

  Burbidge, R., et al. (2001). Drug Design by Machine 

Learning: Support Vector Machines for Pharmaceutical Data 

Analysis. Computers & Chemistry, 26(1), 5–14. 

https://doi.org/10.1016/S0097-8485(01)00004-1 

  Palanisamy, V., &Thirunavukarasu, R. (2019). Implications 

of Big Data Analytics in Developing Healthcare Frameworks – 

A Review. Journal of King Saud University – Computer and 

Information Sciences. 

https://doi.org/10.1016/j.jksuci.2017.12.007 

  Al-Amin, M., Ewim, I., Igwe, P., &Ofodile, A. (2024). AI-

Driven End-to-End Workflow Optimization and Automation 

System for SMEs. International Journal of Management & 

Entrepreneurship Research, 6(11), 3666–3684. 

https://doi.org/10.5281/zenodo.7454137 

  Storm Technology. (2021). Are Manual Processes Hurting 

Your Business? Retrieved from 

https://www.storm.ie/insights/insights/are-manual-processes-

hurting-your-business/ 

  McKinsey & Company. (2023). Digital Transformation: 

Automating Manual Tasks for Efficiency and Growth. 

Retrieved from https://www.vegaitglobal.com/media-

center/business-insights/digital-transformation-automating-

manual-tasks-for-efficiency-and-growth 

  TechRadar. (2023). What Is Technical Debt and Why Does 

It Matter to Every Enterprise? Retrieved from 

https://www.techradar.com/pro/what-is-technical-debt-and-

why-does-it-matter-to-every-enterprise 

  ResearchGate. (2024). AI-Driven End-to-End Workflow 

Optimization and Automation System for SMEs. Retrieved 

from https://www.researchgate.net/publication/385648813_AI-

Driven_end-to-

end_workflow_optimization_and_automation_system_for_SM

Es 

  Digitalisation World. (2018). Businesses Are Still Too 

Reliant on Manual IT Processes. Retrieved from 

https://doi.org/10.1016/j.ijmedinf.2020.104203?utm_source=chatgpt.com
https://www.vegaitglobal.com/media-center/business-insights/digital-transformation-automating-manual-tasks-for-efficiency-and-growth?utm_source=chatgpt.com
https://www.vegaitglobal.com/media-center/business-insights/digital-transformation-automating-manual-tasks-for-efficiency-and-growth?utm_source=chatgpt.com
https://www.vegaitglobal.com/media-center/business-insights/digital-transformation-automating-manual-tasks-for-efficiency-and-growth?utm_source=chatgpt.com
https://www.researchgate.net/publication/385648813_AI-Driven_end-to-end_workflow_optimization_and_automation_system_for_SMEs?utm_source=chatgpt.com
https://www.researchgate.net/publication/385648813_AI-Driven_end-to-end_workflow_optimization_and_automation_system_for_SMEs?utm_source=chatgpt.com
https://www.researchgate.net/publication/385648813_AI-Driven_end-to-end_workflow_optimization_and_automation_system_for_SMEs?utm_source=chatgpt.com
https://www.researchgate.net/publication/385648813_AI-Driven_end-to-end_workflow_optimization_and_automation_system_for_SMEs?utm_source=chatgpt.com


International Journal of Innovative Research and Practices                                     Vol.12, Issue 2, FEB 2024 
ISSN   2321-2926 

Over-reliance on Manual Processes in Digital Planning    32 

https://digitalisationworld.com/news/53914/businesses-are-

still-too-reliant-on-manual-it-processes 

  ScienceDirect. (2023). An Experimental Study on the 

Extent and Costs of Overreliance on AI. Computers in Human 

Behavior, 145, 105-118. 

https://doi.org/10.1016/j.chb.2023.106118 

  Rossum. (2021). Digital Process Automation vs Manual. 

Retrieved from https://rossum.ai/blog/digital-process-

automation-vs-manual/ 

  Planview. (2023). How to Automate Manual Processes for 

Faster Digital Product Delivery. Retrieved from 

https://blog.planview.com/de/how-to-automate-manual-

processes-for-faster-digital-product-delivery/ 

  Redwood Software. (2021). Digital Workflow Automation: 

Streamlining Business Processes For Efficiency. Retrieved 

from https://www.redwood.com/article/understanding-digital-

workflow-automation/ 

  ConnectPointz. (2020). How Manual Processes Hurt Your 

Business. Retrieved from 

https://www.connectpointz.com/blog/how-manual-processes-

hurt-your-business 

  Irish Tech News. (2021). Relying on Manual Processes 

Could Be Bad for Your Business. Retrieved from 

https://irishtechnews.ie/relying-on-manual-processes-could-be-

bad-for-your-business/ 

 

https://rossum.ai/blog/digital-process-automation-vs-manual/?utm_source=chatgpt.com
https://rossum.ai/blog/digital-process-automation-vs-manual/?utm_source=chatgpt.com

