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Abstract 

Variance analysis remains a foundational tool in management 

accounting, traditionally used to compare actual performance 

with budgeted expectations and identify deviations in costs, 

revenues, and operational outcomes. This review examines 

the relevance, strengths, and limitations of traditional 

variance analysis methods in contrast with emerging 

predictive analytics approaches. Traditional methods, 

including material, labor, overhead, sales, and profit 

variances, have long supported managerial control by 

highlighting performance gaps and enabling corrective 

action. Their appeal lies in their simplicity, structured format, 

and suitability for routine financial monitoring. However, 

these methods are often criticized for their retrospective 

nature, delayed feedback, limited adaptability to dynamic 

business environments, and weak capacity to explain 

complex interrelationships among operational variables. In 

response to these limitations, predictive analytics has gained 

attention as a more proactive and data-driven alternative. By 

applying statistical modeling, machine learning, data mining, 

and forecasting techniques, predictive analytics enhances 

variance analysis through real-time insights, pattern 

recognition, anomaly detection, and forward-looking 

decision support. This review compares both approaches 

across dimensions such as timeliness, accuracy, flexibility, 

data requirements, managerial usefulness, and strategic 

value. It argues that while traditional variance analysis 

remains relevant for standardized reporting, control, and 

accountability, predictive analytics offers superior capability 

in uncertain, data-rich, and rapidly changing environments. 

The study further highlights that predictive approaches do not 

necessarily replace traditional methods but rather 

complement them by extending the analytical scope of 

management accounting. Integrating both models can 

improve planning accuracy, operational responsiveness, and 

strategic decision-making. The review concludes that the 

future of variance analysis lies in hybrid frameworks that 

combine the interpretability and control orientation of 

traditional techniques with the predictive power and 

adaptability of advanced analytics. Such integration is 

essential for organizations seeking to strengthen performance 

management, improve forecasting quality, and achieve 

competitive advantage in increasingly complex markets. 

Furthermore, the review emphasizes the need for 

management accountants to develop analytical, 

technological, and interpretive skills required to apply 

predictive tools effectively. Advancing this capability will 

support the transformation of management accounting from 

a primarily diagnostic function into a more strategic, 

anticipatory, and value-creating discipline within modern 

organizations globally today. 

 

Keywords: Variance Analysis, Management Accounting, Traditional Methods, Predictive Analytics, Budgeting, Cost Control, 
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1. Introduction 

Variance analysis is a central technique in management accounting that focuses on examining the differences between planned 

or standard performance and actual results. Its primary purpose is to help managers identify where operations are performing as 

expected and where deviations have occurred, whether favorable or unfavorable. By measuring these differences in areas such 

as cost, revenue, labor, materials, and overhead, variance analysis provides a structured basis for managerial control and 

corrective action (Dako, et al., 2019, Nwafor, et al., 2019, Oguntegbe, Farounbi & Okafor, 2019). In practice, it supports 

organizations in understanding the causes of financial and operational deviations, improving accountability, and strengthening 
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decision-making. Rather than merely presenting numerical 

differences, variance analysis serves as an interpretive tool 

that links accounting information with managerial action, 

making it one of the most enduring instruments in cost 

control and performancmanagement (Adesanya, et al., 2020, 

Bankole, et al., 2020, Nduka, 2020, Onovo, et al., 2020). 

Historically, variance analysis emerged from the broader 

development of standard costing and budgetary control 

systems during the early growth of industrial production and 

scientific management. As organizations became larger and 

more complex, managers required more reliable methods for 

monitoring efficiency and controlling costs. Traditional 

variance analysis developed in this context as a practical 

response to the need for systematic comparison between 

expected and actual performance (Michael & Ogunsola, 

2019, Seyi-Lande, Arowogbadamu & Oziri, 2019, Umoren, 

et al., 2019). Over time, it became deeply embedded in 

management accounting practice, especially in 

manufacturing and production-oriented environments where 

cost standards could be clearly defined. Its long-standing 

value lies in its ability to provide discipline, structure, and 

financial transparency in organizational operations. As a 

result, it has remained a foundational control mechanism in 

both academic literature and professional accounting 

practice. 

The relevance of variance analysis extends strongly into 

planning, budgeting, and performance evaluation. In 

planning, it helps organizations translate strategic intentions 

into measurable financial targets and operational 

expectations. In budgeting, it provides the benchmarks 

against which actual outcomes are assessed, allowing 

managers to determine whether resources are being used 

efficiently and whether organizational objectives are being 

met. In performance evaluation, variance analysis offers a 

basis for judging departmental, managerial, or process 

effectiveness by highlighting areas of strength and weakness 

(Ahmed, Odejobi & Oshoba, 2019, Nwafor, et al., 2019, 

Oziri, Seyi-Lande & Arowogbadamu, 2019). This makes it 

essential not only for cost containment but also for ongoing 

organizational learning and operational improvement. 

Through these functions, variance analysis supports both 

short-term control and broader strategic alignment. 

In recent years, however, the accounting environment has 

been significantly influenced by the rapid growth of data 

analytics. Organizations now operate in settings 

characterized by large volumes of data, fast-changing market 

conditions, technological disruption, and increasing demand 

for real-time insights. These developments have challenged 

the adequacy of purely traditional accounting tools that are 

often retrospective in nature. Data analytics has introduced 

new possibilities for identifying patterns, forecasting 

performance, detecting anomalies, and supporting more agile 

managerial responses (Akinrinoye, et al., 2020, Rukh, Seyi-

Lande & Oziri, 2023, Sanusi, Bayeroju & Nwokediegwu, 

2023). In accounting practice, this shift has encouraged a 

movement from static, periodic reporting toward more 

dynamic and forward-looking analytical approaches. 

Management accountants are therefore increasingly expected 

to complement conventional financial control techniques 

with digital tools and analytical capabilities that can respond  

to complex and uncertain business environments (Nwankwo, 

Okeke & Ugwu-Oju, 2020, Okeke, Nwankwo & Ugwu-Oju, 

2020, Osuji, Okafor & Dako, 2020). 

Against this background, the comparison between traditional 

methods of variance analysis and predictive analytics 

approaches has become both timely and important. 

Traditional methods remain valuable because of their clarity, 

simplicity, and strong role in routine cost control and 

accountability. Yet they are often limited by their backward-

looking orientation and reduced flexibility in complex 

environments. Predictive analytics approaches, by contrast, 

use statistical models, machine learning techniques, and 

broader data integration to provide more proactive and 

future-oriented insights (Bayeroju, Sanusi & Nwokediegwu, 

2019, Filani, Fasawe & Umoren, 2019, Nwafor, et al., 2019). 

A review of these two approaches is therefore necessary to 

understand how variance analysis is evolving in modern 

management accounting. Such a comparison helps clarify 

whether predictive analytics should be viewed as a 

replacement for traditional methods or as a complementary 

extension that enhances the analytical and strategic value of 

variance analysis in contemporary organizations. 

 

2. Methodology 

The study adopts a systematic review design supported by 

integrative and comparative analytical procedures to examine 

variance analysis in management accounting from the 

perspective of traditional methods and predictive analytics 

approaches. This design is suitable because the topic is 

conceptual and multidisciplinary, requiring the synthesis of 

accounting, business intelligence, data analytics, audit, 

forecasting, and decision-support literature into a single 

evaluative framework. A systematic review is appropriate for 

identifying, organizing, and comparing the assumptions, data 

structures, analytical procedures, control objectives, and 

managerial implications embedded in conventional variance 

analysis and newer predictive methods. The review is guided 

by the objective of explaining how traditional variance 

analysis, which is largely retrospective and rule-based, differs 

from and can be strengthened by predictive analytics, which 

is more forward-looking, data-driven, and adaptive. The 

methodological logic follows established ideas in business 

intelligence, data warehousing, analytics-enabled decision 

support, and big data capability development, which 

emphasize structured data integration, pattern discovery, 

performance monitoring, and improved managerial decision 

quality (Chen et al., 2012; Inmon, 2005; Kimball & Ross, 

2013; Watson, 2017; Mikalef et al., 2020). 

The review process begins with the definition of the problem 

domain, the scope of comparison, and the framing of research 

questions around the operational relevance, analytical depth, 

and decision usefulness of both approaches. The population 

of literature for the study is drawn from the references 

supplied for the project, with emphasis placed on sources that 

address financial analytics, business intelligence, anomaly 

detection, process optimization, forecasting, decision support 

systems, cloud-enabled analytical environments, dashboard 

integration, audit intelligence, and predictive modeling. 

Because the topic centers on management accounting 

variance analysis, the literature is screened for direct or  
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indirect relevance to budgetary control, performance 

evaluation, KPI monitoring, financial irregularity detection, 

resource allocation, process improvement, and predictive 

managerial intelligence. Conceptual papers, analytical 

frameworks, review studies, and model-based studies are 

retained where they contribute to understanding either the 

mechanics of traditional variance analysis or the capabilities 

of predictive systems. This approach is consistent with 

review-oriented studies that combine conceptual synthesis 

with comparative evaluation in order to build an updated 

analytical framework for practice (Batistič & van der Laken, 

2019; Kumar & Garg, 2018; Provost & Fawcett, 2013). 

The literature selection process proceeds through relevance 

screening and analytical categorization. In the first stage, the 

studies are examined for their contribution to one or more of 

the following domains: traditional accounting control and 

financial monitoring, data-driven audit and irregularity 

detection, predictive decision systems, KPI and dashboard 

integration, resource optimization, process mining, and 

organizational analytics. In the second stage, eligible studies 

are grouped into two major analytical clusters. The first 

cluster covers traditional variance analysis logic, including 

standard costing, budget-to-actual comparison, labor and 

material variance interpretation, overhead control, 

responsibility accounting, and exception-based reporting. 

The second cluster covers predictive analytics approaches, 

including machine learning forecasting, anomaly detection, 

process mining, dynamic modeling, dashboard intelligence, 

segmentation logic, and decision automation. This grouping 

makes it possible to compare the two traditions on a common 

evaluative basis while preserving the conceptual integrity of 

each stream. The classification logic is supported by prior 

studies on analytics capability, audit intelligence, decision 

support, and predictive modeling in organizational settings 

(Delen & Demirkan, 2013; Grover et al., 2018; Wamba et al., 

2017; Dubey et al., 2019; Dako et al., 2020; Bankole et al., 

2020). 

Data extraction is conducted using a structured review matrix 

designed specifically for comparative synthesis. For each 

eligible source, the matrix captures the author and year, study 

orientation, business or organizational context, analytical 

objective, data type, methodological approach, managerial 

outputs, control implications, and reported strengths or 

limitations. Additional extraction fields are used to identify 

whether the study supports retrospective explanation, 

prospective prediction, real-time monitoring, exception 

handling, root-cause analysis, or automated decision support. 

This structured matrix enables consistent coding across 

diverse studies and reduces the risk of impressionistic 

comparison. It also supports the identification of recurring 

themes such as timeliness of insight, analytical scalability, 

interpretability, data dependency, control sensitivity, and 

suitability for management accounting use. The extraction 

structure is informed by literature on data science process 

design, dataflow architectures, process mining, and the 

hidden technical considerations involved in operational 

analytics systems (Akidau et al., 2015; Kelleher & Tierney, 

2018; Van der Aalst, 2016; Sculley et al., 2015; Saltz & 

Shamshurin, 2016). 

The analysis itself is conducted through narrative synthesis 

and thematic comparison rather than statistical meta-analysis, 

because the literature includes conceptual papers, review 

articles, applied frameworks, and domain models with 

heterogeneous designs and outcomes. The first layer of 

analysis examines how traditional variance analysis has 

historically served management accounting through 

standard-setting, deviation measurement, responsibility 

assignment, and cost control. The second layer evaluates how 

predictive analytics expands this logic by introducing 

forward-looking forecasting, anomaly anticipation, deeper 

pattern recognition, continuous data processing, and dynamic 

decision support. The two streams are then compared across 

six integrative criteria: accuracy of managerial insight, speed 

of detection, explanatory depth, predictive capacity, 

implementation scalability, and strategic usefulness. Through 

this comparative process, the review identifies where 

traditional methods remain valuable, especially in control 

clarity and accountability, and where predictive approaches 

offer superior capabilities, particularly in early warning 

signals, high-volume data handling, and proactive decision 

intelligence. This form of synthesis is aligned with the 

business analytics literature, which argues that organizational 

value is created when historical reporting is extended into 

predictive and prescriptive capability (Côrte-Real et al., 

2017; Sharma et al., 2014; Chen et al., 2014; Gandomi & 

Haider, 2015). 

To enhance conceptual rigor, the findings are triangulated 

across adjacent literatures that address forensic accounting, 

audit analytics, KPI integration, process optimization, risk 

modeling, and digital decision systems. Studies on financial 

irregularity detection, governance intelligence, intelligent 

GRC systems, and dashboard-based performance 

management are particularly useful for showing how 

variance analysis can evolve from a narrow accounting 

control technique into a broader managerial intelligence 

function (Bankole et al., 2019; Dako et al., 2019; Essien et 

al., 2020; Imediegwu & Elebe, 2020). This triangulation is 

important because modern variance analysis increasingly 

operates within digitally connected environments rather than 

isolated spreadsheet routines. The methodological position of 

the study therefore treats predictive analytics not as a 

replacement for traditional variance analysis but as an 

extension that enriches it through better data integration, 

stronger forecasting ability, faster exception detection, and 

more strategic response planning. On that basis, the final 

outcome of the methodology is the development of an 

integrated review framework that explains the transition from 

traditional reactive variance explanation to predictive, 

insight-driven, and decision-oriented management 

accounting practice. 
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Fig 1: Flowchart of the study methodology 
 

2.1. Conceptual Foundation of Variance Analysis in 

Management Accounting 

Variance analysis in management accounting is conceptually 

grounded in the comparison of expected performance with 

actual results for the purpose of improving organizational 

control, efficiency, and decision-making. At its core, it is 

built on the idea that management establishes financial and 

operational expectations in advance, then evaluates the extent 

to which actual outcomes align with those expectations. This 

makes variance analysis more than a mechanical accounting 

exercise. It is a systematic interpretive framework through 

which managers assess whether plans are being achieved, 

resources are being used responsibly, and operations are 

progressing in a manner consistent with organizational 

objectives (Akinrinoye, et al., 2020). In both theory and 

practice, the conceptual strength of variance analysis lies in 

its ability to convert numerical deviations into meaningful 

managerial insight. 

A central element in this foundation is the definition of 

standards, budgets, and actual performance. Standards refer 

to predetermined benchmarks that express the expected 

quantity, cost, or level of efficiency for a specific activity, 

input, or output. They are often developed using historical 

performance, engineering estimates, industry norms, or 

management expectations. In management accounting, 

standards may be set for direct materials, direct labor, 

variable overhead, sales volume, and other measurable 

aspects of operations (Nwafor, et al., 2018, Seyi-Lande, 

Arowogbadamu & Oziri, 2018). Their purpose is to provide 

a rational basis for evaluating performance under assumed 

efficient conditions. Budgets, by contrast, are broader 

financial and operational plans that quantify organizational 

objectives over a given period. While standards often focus 

on unit-level expectations, budgets usually aggregate those 

expectations into departmental or organizational targets. A 

budget therefore represents the formal expression of 

management’s plan in monetary and quantitative terms. 

Actual performance refers to the real outcomes recorded 

during operations, including the actual costs incurred, 

revenues generated, time used, and output achieved. The 

comparison of standards and budgets with actual 

performance creates the analytical space in which variances 

emerge. Without these three concepts, variance analysis 

would have no logical basis, because there would be no 

benchmark against which performance could be assessed. 

Figure 2 shows predictive analytics process presented by 

Kumar & Garg, 2018. 

www.allmultidisciplinaryjournal.com


International Journal of Multidisciplinary Research and Growth Evaluation  www.allmultidisciplinaryjournal.com  

962 

 
 

Fig 2: Predictive Analytics Process (Kumar & Garg, 2018). 

 

The relationship between variance analysis and managerial 

control is equally fundamental. Managerial control involves 

the processes through which managers ensure that 

organizational activities are aligned with plans, policies, and 

strategic goals. Variance analysis serves this function by 

providing feedback on the extent to which performance 

deviates from what was expected. In this sense, it is a core 

component of the control cycle, which includes planning, 

implementation, monitoring, evaluation, and corrective 

action. Once a variance is identified, management can 

investigate its causes and determine whether operational 

adjustments are needed. This makes variance analysis both a 

diagnostic and corrective tool (Aminu-Ibrahim, Ogbete & 

Iwuanyanwu, 2020, Sanusi, Bayeroju & Nwokediegwu, 

2020, Seyi-Lande & Arowogbadamu, 2020). It reveals where 

problems may exist, but it also helps direct management 

attention toward those areas requiring intervention. In highly 

structured organizations, especially in manufacturing and 

service operations with defined processes, variance analysis 

helps enforce cost discipline, productivity expectations, and 

operational consistency. Even in more dynamic contexts, it 

remains a useful control mechanism because it highlights 

where performance is diverging from managerial intent. The 

conceptual importance of this relationship is that variance 

analysis does not operate independently of management; 

rather, it functions as a bridge between accounting 

information and managerial action. 

Another key concept is the classification of variances into 

favorable and unfavorable outcomes. A favorable variance 

occurs when actual performance is better than the benchmark 

in a way that supports financial or operational goals, such as 

when actual costs are lower than standard costs or actual 

revenue exceeds budgeted revenue. An unfavorable variance 

occurs when actual performance falls short of the expected 

benchmark, such as when production costs exceed standards 

or sales fall below planned levels. This classification is 

conceptually simple, but it plays an important role in shaping 

managerial interpretation. It allows deviations to be 

categorized in a way that immediately signals whether they 

appear beneficial or problematic from the organization’s 

perspective (Akinrinoye, et al., 2020, Oziri, Seyi-Lande & 

Arowogbadamu, 2020). However, the conceptual foundation 

of variance analysis also requires recognition that favorable 

and unfavorable labels do not always tell the full story. A 

favorable cost variance, for example, may result from the use 

of cheaper materials that compromise product quality, while 

an unfavorable labor variance may occur because more 

skilled and highly paid workers were employed to improve 

output reliability. Therefore, while the favorable and 

unfavorable distinction is important for analytical clarity, 

sound management accounting practice requires deeper 

interpretation of what those outcomes mean in operational 

and strategic terms. The classification is a starting point for 

inquiry, not the end of analysis.  

The importance of variance investigation for cost and 

operational efficiency is another defining feature of the 

conceptual framework. Variances themselves are not merely 

figures to be reported; they are signals that invite managerial 

investigation. The purpose of investigating variances is to 

uncover the reasons behind deviations and determine whether 

those reasons reflect controllable inefficiencies, changing 

market conditions, unrealistic standards, or deliberate 

strategic choices. This investigative dimension makes 

variance analysis an active rather than passive element of 

management accounting (Osuashi Sanni, Ajiga & Atima, 

2020, Seyi-Lande, Arowogbadamu & Oziri, 2020). Through 

variance investigation, managers can identify waste, 

inefficiency, poor scheduling, excessive material usage, labor 

underperformance, weak procurement decisions, or 

inappropriate pricing assumptions. At the same time, 

investigation may also reveal positive practices that can be 

reinforced and replicated elsewhere in the organization. This 

contributes directly to cost efficiency by helping firms reduce 

unnecessary expenditure and improve resource utilization. It 

also contributes to operational efficiency by linking financial 

outcomes with production behavior, process design, and 

workforce performance. The conceptual logic here is clear: if 

organizations understand why deviations occur, they are 

better positioned to improve future performance. Variance 

analysis therefore supports continuous improvement by 

turning deviations into learning opportunities. Figure 3 shows 

figure of the theoretical model presented by Dubey, et al., 

2019. 
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Fig 3: Theoretical model (Dubey, et al., 2019). 

 

This emphasis on investigation also highlights an important 

principle in management accounting: not all variances 

deserve equal attention. Some deviations may be minor, 

random, or immaterial, while others may be large, persistent, 

or strategically significant. For this reason, variance analysis 

is often connected to the principle of management by 

exception, whereby managers focus their attention on 

significant departures from plan rather than reviewing every 

small difference (Nwafor, et al., 2018, Seyi-Lande, 

Arowogbadamu & Oziri, 2018). This principle strengthens 

the efficiency of the control process and reflects the practical 

reality that managerial time and attention are limited 

resources. Conceptually, it shows that variance analysis is not 

only about measurement but also about prioritization. It helps 

management determine which issues require immediate 

action and which can be tolerated or monitored over time.  

Variance analysis also plays a vital role in supporting 

accountability and decision-making. In accountability terms, 

it enables managers, departments, and operational units to be 

evaluated against predetermined expectations. Because 

standards and budgets are usually assigned to responsibility  

centers or functional areas, variances can reveal where 

performance has met or failed to meet expectations. This 

strengthens internal accountability by clarifying 

responsibility for outcomes and providing a basis for 

performance review. It also supports transparency in 

organizations, since results are not judged arbitrarily but 

against previously established targets. In decision-making, 

variance analysis provides relevant information for both 

short-term and long-term choices (Ogbete, Aminu-Ibrahim & 

Ambali, 2020, Seyi-Lande, Arowogbadamu & Oziri, 2020). 

In the short term, it may lead to decisions about cost control, 

staffing adjustments, procurement changes, process redesign, 

or revised production scheduling. In the longer term, repeated 

patterns of variance may influence strategic decisions about 

pricing, capacity, investment, outsourcing, or budgeting 

methods. The conceptual significance of this role is that 

variance analysis transforms accounting data into a basis for 

action. It enables decisions to be more evidence-based, 

targeted, and aligned with actual performance realities. 

Figure 4 shows comparison of variance and process 

approaches presented by Van de Ven & Poole, 2005. 

 

 
 

Fig 4: Comparison of Variance and Process Approaches (Van de Ven & Poole, 2005). 
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Overall, the conceptual foundation of variance analysis in 

management accounting rests on a coherent set of interrelated 

ideas: the establishment of standards and budgets, the 

measurement of actual performance, the identification and 

interpretation of favorable and unfavorable deviations, the 

investigation of causes for efficiency improvement, and the 

use of findings to reinforce accountability and better 

decisions (Nwafor, Uduokhai & Ajirotutu, 2020, Sanusi, 

Bayeroju & Nwokediegwu, 2020). These concepts explain 

why variance analysis has remained a durable feature of 

management accounting despite changes in technology, 

organizational structures, and analytical tools. Even as 

predictive analytics and digital systems expand the scope of 

performance analysis, the conceptual logic of variance 

analysis continues to matter because organizations still need 

a disciplined way to compare expectations with outcomes and 

respond intelligently to the differences. 

 

2.2. Traditional Methods of Variance Analysis 

Traditional methods of variance analysis occupy a central 

place in management accounting because they provide a 

structured way of comparing actual financial and operational 

outcomes with predetermined standards or budgets. These 

methods developed largely within standard costing and 

budgetary control systems and have long been used by 

organizations to monitor efficiency, control costs, and 

evaluate performance. Their enduring relevance lies in their 

ability to convert accounting data into interpretable measures 

of deviation, thereby enabling managers to identify where 

business activities are proceeding according to plan and 

where corrective action may be required (Ahmed & Odejobi, 

2018, Seyi-Lande, Arowogbadamu & Oziri, 2018). Although 

more advanced analytical tools have emerged in recent years, 

traditional variance analysis remains foundational because it 

offers a disciplined and understandable framework for 

financial control. 

One of the most widely applied elements of traditional 

variance analysis is material cost variance. This measures the 

difference between the standard cost of materials that should 

have been used for actual output and the actual cost incurred. 

Material cost variance is particularly important in 

manufacturing and production environments where raw 

material usage significantly affects total cost. Traditionally, 

this variance is divided into two main components: material 

price variance and material usage variance. Material price 

variance arises when the actual price paid for materials differs 

from the standard price that management had expected 

(Aransi, et al., 2019, Nwafor, et al., 2019, Oguntegbe, 

Farounbi & Okafor, 2019, Umoren, et al., 2019). A favorable 

price variance occurs when materials are purchased at a lower 

cost than expected, while an unfavorable one occurs when the 

purchase cost exceeds the standard. Material usage variance, 

on the other hand, measures the difference between the 

quantity of materials actually used and the standard quantity 

allowed for the level of output achieved. A favorable usage 

variance may indicate efficient use of materials, reduced 

waste, or improved handling, whereas an unfavorable usage 

variance may suggest inefficiency, spoilage, pilferage, poor-

quality inputs, or inadequate supervision. Together, these 

components help managers understand whether material cost 

deviations are due to purchasing conditions or operational 

consumption patterns. This distinction is important because 

it directs attention to the relevant responsibility centers, such 

as the procurement department for price issues and 

production units for usage inefficiencies. 

Labor variance is another traditional area of analysis that 

helps organizations assess workforce cost and productivity 

performance. Labor cost variance generally reflects the 

difference between the standard labor cost for actual output 

and the actual labor cost incurred. Like material variance, 

labor variance is commonly broken into labor rate variance 

and labor efficiency variance. Labor rate variance measures 

the effect of paying workers a wage rate different from the 

predetermined standard. A favorable labor rate variance may 

occur when workers are paid less than expected, perhaps 

because lower-grade employees were used or because actual 

wage negotiations were more favorable than anticipated 

(Akinrinoye, et al., 2019, Nwafor, et al., 2019, Sanusi, 

Bayeroju & Nwokediegwu, 2019). An unfavorable variance 

may arise from overtime premiums, higher wage agreements, 

or the use of more skilled workers than initially budgeted. 

Labor efficiency variance focuses on the number of labor 

hours used. It compares the actual time taken to produce the 

achieved output with the standard time that should have been 

required. A favorable efficiency variance implies that 

workers completed the task in fewer hours than expected, 

while an unfavorable variance indicates excessive time 

usage. These two components provide complementary 

insights. A favorable wage rate variance may not always be 

desirable if it results from employing less skilled labor that 

reduces productivity and leads to an unfavorable efficiency 

variance. Similarly, an unfavorable rate variance may be 

acceptable when more experienced workers complete tasks 

faster and improve output quality. Traditional labor variance 

analysis therefore supports managerial evaluation of staffing 

policies, workforce utilization, supervision quality, and 

training effectiveness. 

Overhead variance analysis extends the traditional 

framework beyond direct costs to include indirect production 

expenses. Overheads are generally categorized into variable 

and fixed overheads, and each type is analyzed differently. 

Variable overhead variance examines the difference between 

actual variable overhead incurred and the standard variable 

overhead allocated to actual output. This often includes 

expenditure variance, which reflects paying more or less than 

expected for overhead-related inputs, and efficiency 

variance, which links variable overhead performance to labor 

or machine hour efficiency. Fixed overhead variance is 

conceptually more complex because fixed costs do not vary 

directly with output in the short run (Ahmed & Odejobi, 

2018, Nwafor, et al., 2018, Seyi-Lande, Arowogbadamu & 

Oziri, 2018). Traditional analysis of fixed overhead often 

includes expenditure variance and volume variance. 

Expenditure variance measures whether actual fixed 

overhead costs differ from budgeted fixed overhead, while 

volume variance measures whether the organization 

produced at a level higher or lower than the budgeted capacity 

used to absorb fixed overheads. Further breakdowns may 

include capacity variance and efficiency variance, especially 

in production settings where overhead absorption is tied to 

labor or machine time. Overhead variance analysis is closely 

linked to budgetary control because overheads are typically 

budgeted in advance and monitored against actual spending 

and capacity utilization. This makes it especially useful for 

evaluating whether departments are operating within budget 

limits and whether production resources are being used 

effectively. In this respect, traditional overhead variance 

analysis helps ensure that indirect costs do not escape 
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managerial scrutiny simply because they are less directly 

traceable than materials or labor. 

Budgetary control applications form a major part of 

traditional variance analysis because budgets provide the 

benchmarks against which actual performance is measured. 

Traditional management accounting systems rely heavily on 

fixed budgets, flexible budgets, and standard cost schedules 

to monitor operations throughout an accounting period. Once 

actual results are recorded, variances are computed to identify 

areas where spending, production, or revenue outcomes differ 

from the plan. These differences serve as signals for 

management review. For example, if actual overhead exceeds 

the budget, management may examine whether this is due to 

price increases, poor energy management, inefficient 

machine usage, or underutilization of capacity. In service 

organizations, traditional budgetary variance analysis may 

focus on departmental expenditure, labor usage, and output 

efficiency even where manufacturing-style standards are less 

applicable (Odejobi & Ahmed, 2018, Seyi-Lande, 

Arowogbadamu & Oziri, 2018). The broader aim remains the 

same: to provide a systematic mechanism for controlling 

operations through comparison, explanation, and corrective 

action. Budgetary control supported by variance analysis also 

strengthens planning discipline by encouraging managers to 

formulate realistic targets, monitor adherence, and revise 

future budgets based on observed performance patterns. 

Traditional variance analysis also extends into sales and 

profit variances, which are important in revenue monitoring 

and overall business performance assessment. Sales variance 

analysis compares actual sales with budgeted sales and helps 

determine whether deviations arise from changes in price, 

volume, mix, or market size. Sales price variance measures 

the effect of selling at a price different from the standard or 

budgeted price. A favorable variance arises when the actual 

selling price is higher than expected, while an unfavorable 

variance arises when discounts, market pressure, or 

competitive conditions force prices downward. Sales volume 

variance reflects the impact of selling more or fewer units 

than planned (Osuashi Sanni, Ajiga & Atima, 2020, Oshoba, 

Hammed & Odejobi, 2020, Oziri, et al., 2020). In 

multiproduct businesses, this is often broken down further 

into sales mix variance and sales quantity variance, allowing 

management to distinguish between changes in the product 

composition sold and changes in total units sold. Profit 

variance analysis builds on this by examining how cost and 

sales deviations jointly affect profitability. It reveals whether 

overall profit performance differs from budget because of 

lower margins, higher costs, weaker sales volume, or a 

combination of factors. These traditional methods provide 

managers with a clearer understanding of the drivers of 

revenue and profitability outcomes. They are especially 

useful for marketing control, pricing decisions, performance 

appraisal, and evaluation of the commercial effectiveness of 

business strategy. 

The merits of traditional methods of variance analysis are a 

major reason for their continued use in management 

accounting. One of their strongest advantages is simplicity. 

The calculations are relatively straightforward, the logic is 

easy to understand, and the results can be communicated 

clearly across different levels of management. This makes the 

approach accessible even in organizations that do not possess 

advanced analytical infrastructure. Traditional variance 

reports can often be prepared using routine accounting 

records and standard budgeting systems without requiring 

complex software or specialized data science capabilities 

(Aransi, et al., 2018, Farounbi, et al., 2018, Odejobi & 

Ahmed, 2018). Another important merit is clarity. By 

separating deviations into identifiable categories such as 

price, usage, rate, efficiency, expenditure, and volume, 

traditional methods help managers pinpoint specific areas of 

concern. This improves accountability because responsibility 

for variances can often be assigned to departments or 

managers with control over the relevant activity. Routine 

applicability is another strength. Because these methods have 

been standardized over time, they fit well into regular 

monthly or quarterly reporting cycles and support consistent 

monitoring of organizational performance. Their repeated use 

also facilitates trend comparison across periods, helping 

managers detect patterns in cost behavior and operational 

efficiency. 

Moreover, traditional methods promote financial discipline 

and encourage management by exception, since attention can 

be focused on significant deviations rather than every detail 

of routine operations. They also provide a common language 

for performance review within organizations, making it 

easier to connect accounting information with operational 

realities. Although traditional variance analysis may be 

criticized for being retrospective and less adaptable to 

complex environments, its value in structured control 

systems remains substantial (Akinola, et al., 2020, Nwafor, 

Uduokhai & Ajirotutu, 2020, Osuashi Sanni, Ajiga & Atima, 

2020). Its combination of simplicity, clarity, and routine 

usefulness explains why it continues to serve as a 

foundational approach in management accounting, even as 

predictive analytics and digital tools increasingly expand the 

possibilities for deeper and more forward-looking analysis. 

 

2.3. Limitations of Traditional Variance Analysis 

Methods 

Traditional variance analysis methods have long been 

recognized as important tools in management accounting, 

particularly for cost control, budget monitoring, and 

performance evaluation. They provide structured 

comparisons between actual results and predetermined 

standards, allowing managers to identify deviations and 

assess whether operations are proceeding according to plan. 

Despite their long-standing usefulness, these traditional 

methods face significant limitations in modern business 

environments. As organizations become more dynamic, data-

intensive, and strategically complex, the weaknesses of 

conventional variance analysis have become more visible 

(Akinrinoye, et al., 2020, Odejobi, Hammed & Ahmed, 2020, 

Oguntegbe, Farounbi & Okafor, 2020). A critical review of 

these limitations helps explain why many organizations are 

increasingly exploring more flexible and forward-looking 

approaches, including predictive analytics. The most 

important shortcomings of traditional variance analysis 

include its retrospective nature, delays in problem 

identification and response, dependence on static budgets and 

assumptions, limited capacity to reflect complex business 

dynamics, and weakness in processing large, real-time, and 

unstructured data. 

One of the most frequently cited limitations of traditional 

variance analysis is its retrospective nature. Traditional 

variance reports are usually prepared after an accounting 

period has ended, such as weekly, monthly, or quarterly, 

meaning that they primarily describe what has already 

happened rather than what is likely to happen next. This 
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backward-looking orientation makes traditional variance 

analysis more of a diagnostic tool than a predictive one. 

While it may successfully explain why actual costs exceeded 

standard costs or why revenue fell below budget, it often does 

so only after the business event has already occurred and its 

impact has already been felt. In environments where speed, 

agility, and anticipation are critical, this creates a serious 

limitation (Ahmed, Odejobi & Oshoba, 2020, Nwafor, 

Ajirotutu & Uduokhai, 2020). Management receives 

information about deviations only after performance has 

already diverged from plan, reducing the opportunity to 

prevent problems before they escalate. In this sense, 

traditional variance analysis supports post-event 

accountability more effectively than proactive management. 

Although retrospective review can still provide valuable 

lessons, it is less effective in contexts where organizations 

must adapt quickly to changing market conditions, customer 

demands, supply disruptions, or operational risks. 

Closely related to this retrospective character is the delay in 

identifying and responding to operational problems. Because 

traditional variance analysis depends on periodic reporting 

cycles, managers may not become aware of unfavorable 

deviations until significant time has passed. For instance, 

excessive material waste, labor inefficiency, declining sales 

volume, or overhead overruns may continue for weeks before 

being captured in a formal variance report. By the time the 

issue is noticed, the financial damage may already be 

substantial and operational inefficiencies may have become 

embedded in routine practice (Oguntegbe, Farounbi & 

Okafor, 2019, Michael & Ogunsola, 2019, Oziri, Seyi-Lande 

& Arowogbadamu, 2019). This delay weakens managerial 

responsiveness and reduces the practical effectiveness of the 

control function. In fast-paced industries, where production 

adjustments, pricing responses, and resource reallocations 

may need to occur almost immediately, delayed reporting 

undermines the value of variance analysis as a timely 

decision tool. Instead of enabling real-time intervention, 

traditional methods often confine managers to reacting after 

losses or inefficiencies have accumulated. This is particularly 

problematic in competitive environments where even short 

delays in recognizing operational issues can erode 

profitability, service quality, and customer satisfaction. 

Another major limitation is the dependence of traditional 

variance analysis on static budgets and assumptions. 

Traditional systems usually compare actual results to budgets 

or standards that were set at the beginning of a period based 

on expected conditions. These expectations often assume 

relative stability in costs, production levels, labor rates, 

market demand, and operating efficiency. However, modern 

business environments are rarely stable. Prices fluctuate, 

customer preferences shift, technologies evolve, competitors 

respond aggressively, and external shocks can quickly disrupt 

operational plans. When variance analysis relies heavily on 

fixed standards and static budgets, it may generate results that 

are less meaningful under changing circumstances 

(Akinrinoye, et al., 2015, Aminu-Ibrahim, Ogbete & Ambali, 

2019). An unfavorable variance may not necessarily reflect 

poor management performance; it may simply reflect a 

business environment that has changed significantly since the 

budget was prepared. Likewise, a favorable variance may 

appear positive on paper but may result from reduced activity 

levels, weaker service delivery, or compromised quality. 

Static assumptions therefore limit the interpretive value of 

traditional variance analysis, especially when the standards 

themselves are outdated or unrealistic. In such cases, the 

analysis may create misleading conclusions rather than useful 

managerial insight. 

This dependence on static benchmarks also means that 

traditional variance analysis can encourage inflexible 

thinking and excessive focus on budget compliance rather 

than strategic adaptation. Managers may become more 

concerned with explaining deviations from plan than with 

questioning whether the plan itself still reflects current 

realities. This can create a culture in which meeting budget 

becomes an end in itself, even when changing conditions 

require a shift in priorities. For example, sticking rigidly to 

original labor or overhead targets during a period of supply 

chain disruption may harm operational resilience, yet 

traditional variance analysis may still frame deviations 

negatively without recognizing the legitimacy of adaptive 

decisions (Dako, et al., 2019, Nwafor, et al., 2019, 

Oguntegbe, Farounbi & Okafor, 2019). In this respect, the 

method may reinforce short-term control at the expense of 

longer-term strategic responsiveness. The conceptual 

simplicity of comparing actuals to plan is useful, but the 

practical consequence is that traditional variance systems 

often assume a level of certainty and predictability that no 

longer reflects the complexity of many organizations. 

Traditional variance analysis also has a limited ability to 

capture complex business dynamics. The method works best 

in relatively stable, repetitive, and measurable environments 

where input-output relationships are clear and controllable. 

This is why it has historically been most effective in 

manufacturing settings with standardized production 

processes, defined material usage, and stable labor routines. 

However, many modern organizations operate in 

environments characterized by interdependence, uncertainty, 

innovation, and cross-functional complexity. In such settings, 

performance outcomes may be influenced by multiple 

interacting variables that cannot easily be reduced to isolated 

price, quantity, rate, or efficiency differences (Saltz & 

Shamshurin, 2016, Sculley, et al., 2015). Customer behavior, 

digital engagement, supply chain volatility, brand reputation, 

regulatory change, employee collaboration, and market 

sentiment may all affect performance in ways that traditional 

variance categories cannot fully explain. Traditional methods 

tend to simplify causation by assigning deviations to a small 

number of direct factors, but this approach may overlook 

broader systemic relationships and strategic influences. 

This limitation becomes especially evident in-service 

industries, project-based organizations, and knowledge-

intensive sectors where value creation is not always tied to 

standard units of material, labor hours, or output volume. In 

such settings, intangible drivers of performance may matter 

more than the cost structures emphasized in traditional 

variance analysis. A budget variance may indicate 

overspending, but it may not reveal whether the additional 

cost generated innovation, customer loyalty, employee 

satisfaction, or risk reduction. Similarly, a favorable cost 

variance may look efficient while masking declines in 

quality, capability development, or strategic positioning 

(Grover, et al., 2018, Hashem, et al., 2015, Watson, 2017). 

Traditional variance analysis therefore struggles to 

incorporate qualitative factors and non-financial performance 

indicators that are increasingly important in contemporary 

management. Its focus on narrow financial deviations can 

lead to incomplete assessments of organizational 

effectiveness and may fail to reflect the broader realities of 
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value creation. 

A further weakness of traditional variance analysis lies in its 

inability to handle large, real-time, and unstructured data sets 

effectively. Traditional management accounting systems 

were designed in an era when most business data were 

structured, financial, and periodic. They were not built to 

process the huge volumes of information now generated by 

digital platforms, sensors, enterprise systems, customer 

interactions, and online transactions. Modern organizations 

increasingly rely on real-time data from multiple sources, 

including operational systems, customer feedback channels, 

social media, logistics platforms, and machine-generated 

inputs (Chen, Mao & Liu, 2014, Delen & Demirkan, 2013). 

Much of this data is unstructured or semi-structured, making 

it difficult to fit into conventional variance frameworks. 

Traditional methods generally rely on summarized 

accounting records and predefined categories, which means 

they cannot easily absorb the richness or speed of 

contemporary data environments. 

This weakness limits the analytical depth of traditional 

variance analysis. It cannot readily identify subtle patterns, 

emerging anomalies, or hidden relationships across large data 

streams. It is also poorly suited for continuous monitoring, 

since it typically depends on end-of-period aggregation rather 

than live data feeds. As a result, traditional variance systems 

may miss early warning signals that more advanced analytics 

could detect. For example, small but consistent changes in 

purchasing patterns, machine performance, customer 

behavior, or workforce productivity may signal future 

variance problems long before they appear in a monthly 

report (Zaharia, et al., 2016). Traditional methods are not 

designed to capture these signals in real time or integrate 

them into adaptive forecasting models. In a business 

environment where information speed increasingly shapes 

competitive advantage, this is a serious limitation. 

Overall, the limitations of traditional variance analysis 

methods reflect a growing mismatch between conventional 

management accounting tools and the realities of modern 

organizational life. Their retrospective orientation restricts 

proactive insight, reporting delays reduce responsiveness, 

static budgets weaken relevance under changing conditions, 

simplified variance categories fail to capture complex 

dynamics, and reliance on structured periodic data limits 

usefulness in digital environments. These weaknesses do not 

mean that traditional variance analysis has become irrelevant. 

It still retains value for routine control, accountability, and 

basic performance monitoring (Mikalef, et al., 2020, Nii-

Okai, 2020). However, its limitations show why 

organizations can no longer rely on it alone. As business 

environments become more volatile, data-rich, and 

interconnected, management accounting requires approaches 

that are more flexible, timely, and analytically sophisticated. 

This is precisely why the comparison with predictive 

analytics approaches has become increasingly important in 

understanding the future of variance analysis. 

 

2.4. Predictive Analytics Approaches in Variance 

Analysis 

Predictive analytics approaches in variance analysis represent 

an important development in modern management 

accounting, especially as organizations seek more proactive, 

data-driven, and strategically relevant tools for performance 

management. Unlike traditional variance analysis, which 

mainly focuses on explaining differences between actual and 

budgeted outcomes after they occur, predictive analytics 

extends the analytical process by estimating future outcomes, 

identifying emerging risks, and supporting earlier 

intervention (Sharma, Mithas & Kankanhalli, 2014, Van der 

Aalst, 2016). In the context of accounting, predictive 

analytics refers to the use of historical data, statistical 

techniques, computational models, and algorithmic tools to 

forecast likely trends, detect irregularities, and improve the 

quality of managerial decision-making. Its growing relevance 

reflects the reality that contemporary organizations operate in 

fast-changing environments where waiting until the end of a 

reporting period to interpret variances is often insufficient. 

Predictive analytics therefore broadens the scope of variance 

analysis from retrospective explanation to anticipatory 

insight. 

The meaning and scope of predictive analytics in accounting 

can be understood through its ability to transform accounting 

data into forward-looking intelligence. In traditional 

accounting systems, data is often collected, classified, 

summarized, and reported primarily for historical 

interpretation. Predictive analytics changes this orientation 

by using the same or expanded data sets to estimate what may 

happen in the future. Within variance analysis, this means 

that accountants and managers are no longer limited to 

calculating whether a material, labor, overhead, sales, or 

profit variance has already occurred. They can also estimate 

where future variances are likely to emerge, what factors are 

most strongly associated with those deviations, and how 

operational decisions may influence future outcomes (Côrte-

Real, Oliveira & Ruivo, 2017, Provost & Fawcett, 2013). The 

scope of predictive analytics in accounting is therefore broad. 

It extends from forecasting revenues, costs, and cash flows to 

anticipating supply chain disruptions, labor inefficiencies, 

spending overruns, pricing pressures, and demand 

fluctuations. It is not restricted to one function of 

management accounting but increasingly influences 

budgeting, performance measurement, risk assessment, 

scenario analysis, and strategic planning. This broader scope 

has contributed to a shift in the role of management 

accountants, who are increasingly expected to interpret data 

not only for compliance and control but also for foresight and 

business guidance. 

A major strength of predictive analytics in variance analysis 

lies in its use of statistical forecasting, regression models, and 

machine learning. Statistical forecasting methods, such as 

time series analysis, moving averages, exponential 

smoothing, and autoregressive models, are often used to 

project future financial and operational values based on 

historical trends. In variance analysis, these methods help 

managers estimate expected costs, sales volumes, labor 

hours, and overhead behavior under likely future conditions. 

Rather than relying solely on fixed standards or static budgets 

prepared at the beginning of a period, organizations can 

update expectations dynamically using recent data (Akidau, 

et al., 2015, Chen, Chiang & Storey, 2012). Regression 

models add another layer of analytical depth by identifying 

relationships between dependent variables and one or more 

explanatory factors. For example, a company may model 

production cost as a function of material prices, labor 

availability, energy consumption, machine downtime, and 

order volume. Such models make it possible to estimate how 

much a change in one variable may influence future variance 

outcomes. In this sense, predictive analytics moves beyond 

simply measuring deviations and begins to explain the drivers 
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behind likely deviations before they fully materialize. 

Machine learning further expands the capability of predictive 

analytics by enabling systems to learn from complex data 

patterns and improve predictions over time. Unlike simpler 

statistical models, machine learning algorithms can process 

large numbers of variables and identify nonlinear 

relationships that may not be obvious through conventional 

analysis. Techniques such as decision trees, random forests, 

support vector machines, and neural networks can be applied 

to performance data to predict which departments, cost 

centers, or processes are most likely to generate unfavorable 

variances. For example, machine learning can identify 

combinations of procurement delays, staffing shortages, 

supplier changes, and production speed fluctuations that tend 

to precede material usage variances or labor efficiency 

problems (Jagadish, et al., 2014, Kelleher & Tierney, 2018). 

It can also improve revenue forecasting by recognizing how 

seasonality, pricing behavior, customer segmentation, and 

macroeconomic signals interact. Although the use of machine 

learning in accounting requires technical expertise and 

careful governance, its potential value in variance analysis 

lies in its ability to improve prediction accuracy, detect 

hidden drivers, and support more responsive management 

systems. 

Another major contribution of predictive analytics is real-

time monitoring and early detection of deviations. Traditional 

variance analysis is often limited by end-of-period reporting, 

meaning managers learn about problems after they have 

already affected performance. Predictive analytics changes 

this by allowing organizations to monitor operational and 

financial data continuously as it is generated. Through 

integration with enterprise systems, dashboards, sensors, and 

digital transaction platforms, predictive models can track 

performance indicators in near real time and alert managers 

when conditions suggest an emerging variance risk (Batistič 

& van der Laken, 2019, Dubey, et al., 2019). For instance, if 

raw material prices begin rising sharply, machine downtime 

increases, or customer order patterns change unexpectedly, 

predictive systems can signal the likelihood of future cost or 

sales variances before they appear in the formal accounts. 

This early detection capability is especially valuable in 

volatile operating environments where delays in recognition 

can lead to significant losses. Real-time monitoring therefore 

strengthens the managerial control process by making it 

timelier and more preventive. Instead of responding to 

deviations after they occur, managers are better positioned to 

intervene early, adjust plans, reallocate resources, or revise 

assumptions before adverse outcomes escalate. 

This capacity for early warning also improves organizational 

agility. In many industries, market conditions, customer 

preferences, and supply chain realities shift too rapidly for 

static variance reports to remain fully useful. Predictive 

analytics enables management accounting to become more 

adaptive by connecting control systems with live data and 

forward-looking models. When managers can see emerging 

trends as they unfold, they can make more confident 

decisions about production scheduling, staffing, 

procurement, pricing, and risk mitigation. This does not 

eliminate uncertainty, but it significantly improves the 

organization’s ability to respond intelligently to it. In this 

way, predictive analytics redefines variance analysis as part 

of a continuous management process rather than a periodic 

reporting exercise (Gandomi & Haider, 2015, Inmon, 2005, 

Kimball & Ross, 2013). 

Pattern recognition and anomaly detection are also central to 

predictive analytics approaches in variance analysis. Pattern 

recognition involves identifying recurring relationships, 

trends, or sequences in data that are associated with 

performance outcomes. In management accounting, these 

patterns may involve cost behaviors, sales cycles, labor 

productivity profiles, procurement timing, or combinations of 

operational conditions that repeatedly lead to favorable or 

unfavorable results. By recognizing such patterns, predictive 

analytics helps organizations understand not only what 

happened in the past but what conditions are likely to shape 

future variances (Ayanbode, et al., 2019, Bamgboye, et al., 

2019, Ogbole, et al., 2019). This is particularly useful where 

performance outcomes are influenced by multiple 

interrelated factors rather than a single cause. Anomaly 

detection takes this a step further by identifying unusual 

observations, unexpected behaviors, or outliers in 

performance data. These anomalies may indicate fraud, 

waste, process failure, system malfunction, or emerging 

business risks. In variance analysis, anomaly detection helps 

highlight deviations that do not follow normal patterns and 

therefore require special attention. For example, a sudden 

increase in overtime cost, an unexpected drop in sales in a 

previously stable region, or an unusual procurement price 

pattern may all signal deeper issues that traditional variance 

reporting might not identify promptly. 

The use of predictive tools to improve budgeting and control 

systems is one of the most practical implications of this 

approach. Traditional budgeting often relies on annual 

planning cycles, historical averages, and fixed assumptions 

that may become outdated quickly. Predictive analytics 

improves this process by supporting more dynamic budgeting 

models, rolling forecasts, and scenario-based planning. 

Instead of setting one budget and comparing actual results 

against it throughout the year, organizations can revise 

forecasts continuously based on new data and emerging 

trends (Aransi, et al., 2019, Bankole, et al., 2019, Okeke, 

Ugwu-Oju & Nwankwo, 2019). This makes budgets more 

realistic, flexible, and relevant to actual operating conditions. 

Predictive tools also improve control systems by making 

them more responsive and data-sensitive. Managers can set 

thresholds, monitor leading indicators, and evaluate the 

probable effects of different decisions before implementing 

them. For example, predictive models can estimate how a 

proposed pricing change may affect sales variance, or how 

supplier instability may influence future material cost 

variance. This enhances the quality of managerial control 

because decisions are based not only on past deviations but 

also on informed expectations about future outcomes. 

Overall, predictive analytics approaches in variance analysis 

reflect a broader transformation in management accounting 

from retrospective reporting toward proactive performance 

intelligence. By combining accounting data with statistical 

forecasting, regression analysis, machine learning, real-time 

monitoring, pattern recognition, and dynamic budgeting 

tools, predictive analytics makes variance analysis more 

timely, flexible, and strategically useful. It does not simply 

replace traditional methods, since conventional variance 

analysis still provides interpretability and basic control 

discipline (Uzondu & Ofoedu, 2014, Yeboah & Ike, 2020). 

Rather, it extends and strengthens the analytical possibilities 

of management accounting in a business environment defined 

by speed, complexity, and data abundance. As organizations 

continue to digitize their operations and demand more 
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anticipatory insight from finance functions, predictive 

analytics is likely to play an increasingly central role in 

shaping how variances are understood, managed, and used to 

support performance improvement. 

 

2.5. Comparative Review of Traditional Methods and 

Predictive Analytics 

A comparative review of traditional methods and predictive 

analytics in variance analysis reveals a significant shift in the 

logic, capability, and strategic value of management 

accounting. Both approaches are concerned with 

understanding deviations between expected and actual 

performance, yet they differ substantially in how they 

generate insight, the type of data they use, the speed at which 

they support decisions, and the extent to which they align 

with modern business complexity. Traditional variance 

analysis has long been valued for its structured comparison 

of standard or budgeted figures against actual outcomes, 

especially in the areas of cost control, budgeting, and routine 

performance evaluation (Elebe & Imediegwu, 2020, Essien, 

et al., 2020, Imediegwu & Elebe, 2020). Predictive analytics, 

by contrast, expands the analytical horizon by using statistical 

and computational tools to anticipate future deviations, detect 

emerging risks, and support more agile managerial action. 

Comparing the two approaches helps explain not only how 

variance analysis is evolving, but also why many 

organizations are moving toward hybrid systems that 

preserve the strengths of traditional accounting while 

incorporating the forward-looking capabilities of predictive 

methods. 

One of the clearest differences between traditional methods 

and predictive analytics lies in timing, particularly the 

contrast between reactive and proactive analysis. Traditional 

variance analysis is fundamentally reactive because it is 

performed after transactions have occurred and actual results 

have been recorded. The method depends on comparing 

completed performance against predetermined standards or 

budgets, meaning that its insights are generated only after 

deviations have already taken place. This makes it effective 

for post-performance review, explanation of outcomes, and 

accountability assessment, but less effective for anticipating 

problems before they occur (Efobi, Akinleye & Fasawe, 

2017, Ekechi, 2019, Ugwu-Oju, Okeke & Nwankwo, 2018). 

If material costs exceed standards, labor hours rise above 

expected levels, or sales fall below target, the traditional 

approach identifies and explains those differences only after 

the financial or operational effect has already been 

experienced. Predictive analytics changes this timing 

structure by introducing proactive analysis. Instead of 

waiting until the reporting period ends, predictive systems 

use current and historical data to estimate what is likely to 

happen next. They identify trends, risk signals, and probable 

sources of deviation in advance, enabling management to 

intervene before unfavorable outcomes become severe. This 

proactive feature is particularly important in dynamic 

business environments where operational or market 

conditions can change rapidly. The difference in timing 

therefore reflects a deeper contrast in philosophy: traditional 

variance analysis explains past deviations, while predictive 

analytics seeks to prevent or reduce future ones. 

A second major difference concerns data usage, especially 

the contrast between historical data and real-time, multi-

source data. Traditional variance analysis relies primarily on 

structured historical accounting data. It typically uses 

standard costs, budget figures, and actual financial records 

derived from general ledgers, cost sheets, payroll systems, 

and production reports. These data are often periodic, 

summarized, and internally focused. While this makes the 

information manageable and consistent, it also limits the 

analytical scope of traditional variance analysis. It reflects 

what has already been captured within the formal accounting 

system, but it may exclude important operational, behavioral, 

or market signals that influence performance (Anthony, et al., 

2019, Bankole, et al., 2019, Okeke, Ugwu-Oju & Nwankwo, 

2019). Predictive analytics uses a much broader and more 

dynamic data environment. In addition to historical 

accounting records, it can incorporate real-time transaction 

streams, procurement updates, machine logs, customer 

behavior data, market indicators, supply chain information, 

and external economic signals. It can also draw from multiple 

systems simultaneously, including enterprise resource 

planning platforms, customer relationship systems, digital 

dashboards, and cloud-based databases. This multi-source 

approach allows predictive analytics to build richer models 

of performance and to identify the interacting drivers of 

future variances. As a result, the contrast in data usage is not 

just a technical difference; it affects the depth, relevance, and 

timeliness of managerial insight. Traditional methods are 

rooted in completed accounting records, while predictive 

analytics reflects a wider data ecosystem capable of 

supporting anticipatory and integrated analysis. 

There are also important differences in accuracy, flexibility, 

and responsiveness. Traditional variance analysis is accurate 

in a narrow but useful sense. It accurately measures the 

numerical difference between actual performance and a 

predetermined benchmark, and this precision is valuable for 

control reporting and responsibility accounting. However, its 

accuracy is constrained by the quality of the standards or 

budgets against which performance is measured. If those 

benchmarks are outdated, unrealistic, or based on 

assumptions that no longer reflect operating conditions, the 

resulting variances may be mathematically correct but 

managerially misleading. Predictive analytics, on the other 

hand, aims to improve analytical accuracy by using models 

that are updated with fresh data and that can account for 

changing relationships among variables (Anichukwueze, 

Osuji & Oguntegbe, 2019, Dako, et al., 2019, Ugwu-Oju, 

Okeke & Nwankwo, 2018). Its forecasts are not perfect, and 

they depend heavily on model quality, data integrity, and 

appropriate interpretation, but it offers greater flexibility in 

adjusting to new information. This flexibility allows 

organizations to revise expectations continuously, rather than 

waiting for the next budget cycle or reporting period. 

Responsiveness is similarly different between the two 

approaches. Traditional variance analysis is generally slower 

because it is tied to periodic reporting and manual 

interpretation. Predictive analytics is more responsive 

because it can process data continuously and generate alerts 

or revised forecasts in near real time. In fast-changing 

environments, this responsiveness can significantly enhance 

managerial effectiveness by allowing earlier and better-

informed intervention. 

The managerial usefulness of each approach also differs 

depending on whether the emphasis is on short-term control 

or long-term strategy. Traditional variance analysis is 

especially useful for short-term operational control. It helps 

managers monitor budget compliance, evaluate departmental 

efficiency, assess cost performance, and hold responsibility 
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centers accountable for results. In organizations where 

processes are standardized and performance expectations are 

relatively stable, this form of control remains highly relevant. 

Monthly variance reports, for example, are still useful for 

identifying overspending, inefficiency, or underperformance 

in production, procurement, or sales operations (Bayeroju, 

2020, Dako, et al., 2020, Ekechi & Fasasi, 2020). The 

strength of traditional variance analysis in this context lies in 

its simplicity, transparency, and ability to support routine 

managerial oversight. Predictive analytics is often more 

useful for long-term strategy because it extends beyond the 

question of whether performance met plan and addresses 

what is likely to happen under different future conditions. It 

supports scenario planning, dynamic forecasting, risk 

anticipation, and more strategic resource allocation. Because 

it can identify patterns and estimate the likely consequences 

of different decisions, predictive analytics helps managers 

think beyond immediate control issues and toward longer-

term organizational resilience, competitiveness, and 

adaptability. This does not mean that predictive analytics has 

no role in short-term control, because it can also improve 

operational decisions through real-time alerts and early 

warning systems. However, its greater contribution lies in 

expanding the management accounting function from 

retrospective control toward strategic insight and anticipatory 

guidance. 

Situations where each approach is more effective help clarify 

why the comparison should not be framed too simply as a 

contest between old and new methods. Traditional variance 

analysis is more effective in environments where operations 

are repetitive, standards are stable, and managerial priorities 

emphasize cost discipline, accountability, and clear reporting 

lines. Manufacturing firms with well-defined input-output 

relationships, standardized production routines, and 

established budgeting systems often benefit greatly from 

traditional methods (Uzondu & Ofoedu, 2011, Yeboah & 

Enow, 2018). The same applies to organizations where 

resources for advanced analytics are limited, where 

accounting systems are still developing, or where managerial 

users need easily interpretable reports rather than complex 

predictive outputs. In such cases, traditional variance analysis 

remains practical, understandable, and efficient. It is also 

especially useful in audit-like performance review settings, 

where management needs a clear explanation of what 

happened during a completed period. 

Predictive analytics is more effective in environments 

characterized by uncertainty, speed, and complexity. 

Businesses operating in volatile markets, managing complex 

supply chains, handling large volumes of digital transactions, 

or relying on customer behavior data are more likely to 

benefit from predictive approaches. Service organizations, 

retail chains, logistics platforms, technology firms, and data-

rich manufacturing operations often face conditions in which 

static budgets and end-of-period variance reports are no 

longer sufficient. In these contexts, predictive analytics 

provides more value because it can integrate multiple data 

sources, update forecasts dynamically, and identify risks 

before they fully materialize (Onovo, Gado & Atobatele, 

2012, Patrick, et al., 2019, Ugwu-Oju, Okeke & Nwankwo, 

2018). It is particularly useful where management needs to 

respond quickly to external shocks, pricing changes, demand 

fluctuations, or operational disruption. Predictive analytics is 

also more effective when organizations are pursuing strategic 

transformation and need forward-looking finance functions 

capable of guiding investment, agility, and innovation. 

Despite these contrasts, the most balanced conclusion from a 

comparative review is that traditional methods and predictive 

analytics are not necessarily mutually exclusive. Traditional 

variance analysis offers interpretability, structure, and 

accountability, while predictive analytics offers foresight, 

adaptability, and richer analytical capability. The most 

effective management accounting systems are likely to 

combine both. Traditional methods can continue to provide 

the control foundation by reporting actual performance 

against established targets, while predictive analytics can 

enhance that foundation by identifying emerging deviations, 

refining expectations, and improving the timing and quality 

of managerial response (Elebe & Imediegwu, 2020, Essien, 

et al., 2020, Imediegwu & Elebe, 2020). Such integration is 

particularly important because managers still need 

understandable reports and responsibility-based measures, 

even as they increasingly demand real-time insight and 

strategic forecasting. In this sense, the future of variance 

analysis is not a simple replacement of traditional methods by 

predictive tools, but a reconfiguration of management 

accounting around hybrid models that combine retrospective 

discipline with predictive intelligence. This comparative 

perspective shows that while each approach has distinct 

strengths and weaknesses, their combined use offers the most 

promising path for organizations seeking both effective 

control and strategic adaptability in contemporary business 

environments. 

 

2.6. Integration of Traditional and Predictive Approaches 

in Management Accounting 

The integration of traditional and predictive approaches in 

management accounting reflects an important transition in 

how organizations understand performance, manage 

uncertainty, and support decision-making. For many years, 

traditional variance analysis has served as a trusted 

mechanism for comparing actual outcomes with standards or 

budgets, identifying favorable and unfavorable deviations, 

and promoting accountability in organizational operations. 

At the same time, the emergence of predictive analytics has 

introduced more advanced ways of anticipating future 

outcomes, recognizing patterns in data, and responding 

proactively to operational and strategic risks (Erigha, et al., 

2019, Filani, Fasawe & Umoren, 2019, Ugwu-Oju, Okeke & 

Nwankwo, 2018). Rather than treating these two approaches 

as competing alternatives, modern management accounting 

increasingly benefits from combining them within a single 

hybrid framework. Such integration is becoming necessary 

because organizations now operate in environments marked 

by volatility, digital transformation, complex data flows, and 

rising expectations for timely and insightful financial 

guidance. 

The need for a hybrid framework in modern organizations 

arises from the limitations of relying exclusively on either 

traditional or predictive methods. Traditional variance 

analysis remains useful because it provides clear, structured, 

and understandable comparisons between planned and actual 

performance. It supports routine control, facilitates 

responsibility accounting, and gives managers a 

straightforward way to interpret cost, labor, overhead, sales, 

and profit deviations. However, it is often backward-looking 

and limited in its ability to support early intervention in a fast-

moving business environment. Predictive analytics, by 

contrast, offers forward-looking insight and a stronger 
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capacity to identify emerging risks before they become fully 

visible in accounting reports (Anichukwueze, Osuji & 

Oguntegbe, 2020, Efobi, Akinleye & Fasawe, 2020). It can 

process large volumes of data, adjust to new patterns, and 

support more dynamic decision-making. Yet predictive 

approaches on their own may appear too technical, less 

transparent to non-specialists, and difficult to embed in 

everyday managerial routines without a strong accounting 

foundation. A hybrid framework is therefore needed because 

modern organizations require both retrospective control and 

anticipatory insight. They need systems that not only explain 

what happened but also provide informed estimates of what 

is likely to happen next. Integrating traditional and predictive 

approaches allows management accounting to meet this dual 

demand. 

A major advantage of integration is the opportunity to 

combine the interpretability of traditional methods with the 

foresight of predictive tools. Traditional variance analysis is 

easy to communicate because its logic is familiar and its 

categories are clear. Managers readily understand concepts 

such as material price variance, labor efficiency variance, 

overhead expenditure variance, or sales volume variance. 

These measures fit well into existing budgeting and reporting 

systems and provide an organized basis for evaluating 

responsibility and performance. Predictive tools, however, 

extend the value of these measures by helping management 

look beyond the recorded variance and estimate future 

deviations under changing conditions. For example, while a 

traditional report may show that labor efficiency variance 

was unfavorable in the current month, predictive analytics 

can identify whether this pattern is likely to continue, what 

variables are driving it, and which operational changes may 

reduce future losses (Obuse, et al., 2020, Onovo, et al., 2020, 

Osuji, Dako & Okafor, 2020). In this way, the hybrid 

approach does not abandon familiar accounting structures; it 

enriches them. Traditional variance categories remain the 

visible and interpretable framework, while predictive 

analytics strengthens the depth, timing, and strategic 

usefulness of the analysis. This combination helps 

organizations preserve managerial trust in accounting reports 

while enhancing the analytical sophistication of the 

information provided. 

The benefits of such integration are particularly evident in 

budgeting, forecasting, and strategic planning. In budgeting, 

traditional methods provide the structure for setting financial 

targets, allocating resources, and defining performance 

expectations. However, budgets based solely on historical 

averages or fixed assumptions often become outdated in 

changing business environments. Predictive analytics 

improves this process by introducing rolling forecasts, 

scenario analysis, and continuously updated expectations 

based on real-time or recent data. As a result, budgets become 

more flexible and realistic, while still retaining the control 

discipline that traditional budgeting offers (Bankole, et al., 

2020, Dako, et al., 2020, Imediegwu & Elebe, 2020). In 

forecasting, integration allows organizations to move beyond 

static estimates and develop more adaptive financial 

outlooks. Traditional forecasting methods often depend 

heavily on historical trends and managerial judgment, which 

may not fully capture the influence of rapidly changing 

internal and external conditions. Predictive models improve 

forecasting by recognizing patterns, testing relationships 

among variables, and updating projections as new data 

emerges. This enhances the quality of variance expectations 

and makes it easier for managers to identify where future 

problems are likely to arise. 

Strategic planning also benefits from the integration of 

traditional and predictive approaches. Traditional 

management accounting has often been criticized for 

focusing too narrowly on short-term financial control at the 

expense of long-term strategy. Predictive analytics helps 

address this weakness by providing forward-looking 

evidence that supports decisions on investment, pricing, 

capacity, cost management, market expansion, and risk 

mitigation. When combined with traditional variance 

reporting, predictive tools allow strategic planning to be 

anchored in actual performance while still being responsive 

to future possibilities (Filani, Okpokwu & Fasawe, 2020, 

Gado, et al., 2020, Nduka, 2020). For instance, recurring 

overhead variances identified through traditional reports may 

prompt predictive modelling of cost behavior under different 

growth scenarios. Similarly, persistent sales variances may be 

analyzed not only as past outcomes but as indicators of future 

market change. This integration enables organizations to 

connect operational control with strategic direction, which is 

increasingly important in competitive and uncertain 

environments. 

Despite these benefits, the integration of traditional and 

predictive approaches is not without challenges. One of the 

most important difficulties is the presence of skill gaps within 

management accounting and finance teams. Traditional 

accounting education and practice have often emphasized 

budgeting, cost control, variance explanation, and financial 

reporting, but not necessarily statistical modelling, machine 

learning, or data engineering. As predictive analytics 

becomes more relevant, management accountants are 

expected to interpret more complex data outputs, collaborate 

with analytics specialists, and understand the logic of 

predictive models. Many organizations face a shortage of 

professionals who are comfortable in both accounting and 

advanced analytics (Obuse, et al., 2020, Okafor, Dako & 

Osuji, 2020, Onovo, et al., 2020). This creates 

implementation risk, because sophisticated tools may be 

acquired without sufficient internal capacity to use them 

effectively. Training and professional development are 

therefore essential to successful integration. 

Technology cost is another major challenge. Predictive 

analytics often requires investments in software platforms, 

data infrastructure, cloud systems, dashboard tools, and 

integration across enterprise databases. Organizations may 

also need to improve data governance, clean historical 

records, and establish consistent standards for data collection 

and sharing. These costs can be substantial, particularly for 

smaller firms or institutions with legacy systems that are not 

easily connected to predictive platforms. In addition to 

financial cost, there is also organizational cost in terms of 

change management. Integrating predictive tools into 

established accounting systems may disrupt routines, require 

redesign of reporting processes, and generate resistance from 

managers who are more comfortable with familiar traditional 

reports (Bankole, et al., 2020, Efobi, Akinleye & Fasawe, 

2020, Nduka, 2020). There may also be concerns about 

model transparency, especially if predictive outputs appear 

difficult to explain or challenge established managerial 

judgment. Without careful implementation, organizations 

may find that technical complexity undermines user 

confidence rather than improving decision quality. 

These challenges have important implications for the 
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evolving role of management accountants. The integration of 

traditional and predictive approaches is changing 

expectations about what management accountants must know 

and how they contribute to organizations. They are no longer 

seen only as custodians of budgets, controllers of cost 

variances, or preparers of routine management reports. 

Increasingly, they are expected to act as analytical 

interpreters, strategic advisors, and business partners who can 

connect financial evidence with operational and strategic 

action (Ekechi & Fasasi, 2020, Ekechi, 2020, Gado, et al., 

2020). This requires a broader skill set that combines 

accounting expertise with technological literacy, critical 

thinking, data interpretation, and communication ability. 

Management accountants must be able to explain traditional 

variance results, understand predictive signals, and translate 

both into meaningful recommendations for managers. Their 

role is becoming more interdisciplinary, requiring 

collaboration with data scientists, IT teams, operational 

managers, and senior leadership. 

This evolving role also implies a shift in professional identity. 

Management accounting is no longer confined to explaining 

past performance; it is moving toward shaping future 

decisions. The integration of predictive tools with traditional 

accounting methods enhances this transition by giving 

accountants a more active role in forecasting, scenario 

planning, and strategic risk management (Yetunde, 

Onyelucheya & Dako, 2018). At the same time, their 

grounding in traditional methods remains essential because 

organizations still need interpretable, accountable, and 

control-oriented information systems. The future 

management accountant, therefore, is not someone who 

abandons standard costing and variance analysis, but 

someone who can extend these methods through digital and 

predictive capability. 

In conclusion, integrating traditional and predictive 

approaches in management accounting is increasingly 

necessary for organizations seeking both control and 

foresight. A hybrid framework allows the clarity and 

accountability of traditional variance analysis to coexist with 

the adaptability and anticipatory power of predictive 

analytics. This combination offers significant benefits for 

budgeting, forecasting, and strategic planning, making 

management accounting more responsive to complexity and 

uncertainty (Ekechi & Fasasi, 2020, Elebe & Imediegwu, 

2020, Nduka, 2020). Although challenges such as skill 

shortages, technology cost, and implementation resistance 

remain important, they do not outweigh the potential value of 

integration. Instead, they highlight the need for deliberate 

investment in systems, people, and processes. As this 

integration continues, management accountants will play a 

more strategic and analytically sophisticated role, helping 

organizations move from merely reporting deviations to 

actively anticipating and managing them. 

 

2.7. Conclusion 

Variance analysis remains one of the most enduring and 

important tools in management accounting because it 

provides a structured basis for comparing expected 

performance with actual outcomes and for identifying the 

causes of organizational deviations. This review has shown 

that traditional variance analysis developed as a practical 

control mechanism within standard costing and budgetary 

systems, and it continues to offer substantial value in cost 

monitoring, performance evaluation, and managerial 

accountability. Through material, labor, overhead, sales, and 

profit variances, traditional methods provide clear and 

interpretable measures that help managers understand where 

operations are performing according to plan and where 

corrective action may be necessary. The review has also 

highlighted, however, that the usefulness of variance analysis 

can no longer be assessed only in terms of its traditional role. 

Contemporary business conditions have introduced greater 

volatility, speed, complexity, and data intensity, making it 

necessary to reconsider how variance analysis can remain 

relevant in a changing management environment. 

One of the key insights from the review is that traditional 

variance analysis still possesses important strengths despite 

its limitations. Its continued relevance lies in its simplicity, 

clarity, and routine applicability across many organizational 

settings. It provides an accessible framework for cost control, 

supports responsibility accounting, and enables managers to 

evaluate performance using familiar financial benchmarks. In 

organizations with relatively stable operations, standardized 

processes, and clear budget structures, traditional variance 

analysis remains highly effective as a control tool. It also 

continues to play an essential role in formal reporting 

systems, where accountability, consistency, and transparency 

are necessary. These qualities explain why traditional 

variance analysis has not disappeared from management 

accounting practice and why it is likely to remain a 

foundational element of financial control for the foreseeable 

future. 

At the same time, the review has made clear that predictive 

analytics is becoming increasingly important, particularly in 

dynamic and uncertain environments where retrospective 

reporting alone is no longer sufficient. Predictive analytics 

enhances variance analysis by introducing forward-looking 

insight through statistical forecasting, regression analysis, 

machine learning, real-time monitoring, and anomaly 

detection. Its importance lies in its ability to identify 

emerging deviations before they fully materialize, to detect 

patterns across large and diverse data sets, and to support 

more agile managerial responses. In modern organizations 

that must respond quickly to shifting market conditions, 

operational disruptions, technological changes, and 

competitive pressures, predictive analytics offers capabilities 

that traditional methods alone cannot provide. It therefore 

represents a major extension of the analytical scope of 

management accounting and aligns variance analysis more 

closely with the demands of strategic and data-driven 

decision-making. 

A further insight from this review is that the most effective 

future for variance analysis does not lie in choosing between 

traditional methods and predictive analytics, but in 

integrating both approaches within a hybrid framework. 

Traditional variance analysis contributes interpretability, 

discipline, and accountability, while predictive analytics 

contributes foresight, adaptability, and deeper analytical 

power. When combined, they create a stronger system for 

budgeting, forecasting, control, and strategic planning. 

Managers benefit not only from understanding why a 

variance occurred, but also from anticipating where the next 

variance is likely to emerge and what actions may reduce its 

impact. This integration improves the quality of decision-

making by linking retrospective financial review with 

prospective managerial intelligence. It also enables 

management accounting to move beyond a narrow 

monitoring function and become more central to 
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organizational learning, risk anticipation, and value creation. 

The future of variance analysis in management accounting 

will therefore depend on how successfully organizations 

adapt the traditional logic of performance comparison to the 

opportunities created by digital tools and predictive models. 

Variance analysis is unlikely to lose its importance, but its 

form and application will continue to evolve. Management 

accountants will increasingly need to combine their 

knowledge of standards, budgets, and control systems with 

skills in data interpretation, technological tools, and strategic 

analysis. As organizations become more data-rich and 

operationally complex, variance analysis will need to 

function not only as a record of what went wrong or right, but 

also as a system for anticipating change, improving agility, 

and strengthening competitive performance. In this sense, the 

future of variance analysis is not one of replacement, but of 

transformation. Its enduring value will lie in its ability to 

integrate the reliability of traditional accounting methods 

with the intelligence and responsiveness of predictive 

analytics in support of better management decisions. 
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