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Abstract

Activity-based costing (ABC) has received extensive attention during the past decade, because it had been developed
for overcoming the limitations of traditional cost system through more reasonable cost allocation.

ABC, however, has some defects. First, ABC does not have absolute criteria to select optimal cost drivers. Second,
ABC assumes linearity between the uses of activities and assigned quantities of indirect costs. However, when cost behavior
is nonlinear, ABC distorts product costs.

In this paper, we propose integrated artificial intelligence (AI) techniques to solve above two defects of ABC. To
identify optimal or near-optimal cost drivers, first we use genetic algorithms (GAs). In addition, to allocate costs with
nonlinear behavior, we use artificial neural networks (ANNs). Experiments are performed with concurrently integrated GA
and ANN model. The experimental results are compared with that of simple ANN model (without GA’s support).

Proposed model outperforms simple ANN model from the experimental results of preliminary test.

Key words: Activity-based costing, optimal cost drivers, nonlinear cost allocation, genetic algorithms.

                                                       
∗ Graduate School of Management
 Korea Advanced Institute of Science and Technology

Introduction

The Activity-based costing (ABC) has received
extensive attention during the past decade, because it had
been developed for overcoming the limitations of
traditional cost system through more reasonable cost
allocation.

The ABC systems, however, have some defects. First,
the ABC does not have absolute criteria to select optimal
cost drivers. Second, the ABC assumes linearity between
the uses of activities and assigned quantities of indirect
costs. However, when cost behavior is nonlinear, ABC
distorts product costs.

Cooper (1989), one of the early advocators of ABC,
suggests that ABC system can achieve an improved
accuracy over traditional cost systems by use of multiple
cost drivers which trace the cost of production activities.
Therefore, optimal selection of cost drivers is very
important issue in ABC related research. If too many
activities are defined, the cost of measurement and
processing for the ABC system grows proportionately.

The other defect of ABC is that it assumes linear
correlation between the uses of activities and assigned
quantities of indirect costs. However, when cost behavior
shows nonlinear pattern, ABC system distorts product
costs. Horngren et al. (1997) suggest cost functions, in
practice, are not always linear, but sometimes show
nonlinear behavior. They describe nonlinear cost function
as a cost function where, within the relevant range, the

graph of total costs versus single cost driver does not form
a straight line.

Therefore, the first defect is related to the efficiency
of cost systems and the second is associated with the
effectiveness of cost systems.

Previous researchers have made an endeavor to get
above efficiency and effectiveness. One part of prior
researches show that the estimating performance of
artificial neural networks (ANNs) and case-based
reasoning (CBR) outperforms that of linear regression
(Lee and Ahn, 1993; Lee, 1993; Garza and rouhana, 1995;
Creese and Li, 1995;, Lee and Chun, 1996; Smith and
Mason, 1997; Bode, 1998). The other part of previous
studies prove the efficiency of heuristic search techniques
on selecting optimal cost driver (Babad and Balachandran,
1993; Levitan and Gupta, 1996). However, they do not
consider efficiency and effectiveness simultaneously.

In this paper, we propose integrated model of genetic
algorithms (GAs) and ANNs to resolve above two
limitations in ABC. The problem of cost allocation is
composed of the selection of optimal cost driver and the
problem of cost estimation based on cost estimating
relationships (CERs).

The integrated model of GAs and ANNs can
simultaneously controls two parts of cost allocation
problem. First, GAs are proposed as optimizing method of
cost drivers. Second, we use ANN to reflect nonlinear
relationships between optimized cost drivers and cost
factors.  Experiments use concurrently integrated GA and
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ANN models. The experimental results are compared with
the results of simple ANN model (without GA’s support).

This paper is organized as follows. Section 2
summarizes related prior researches. Section 3 describes
the defects of ABC systems. Section 4 provides
description of our hybrid approach with GAs and ANNs.
Section 5 and 6 present the process of experiments and
results. Finally, Section 7 discusses the conclusions and
limitations of this research and future research issues.

Prior researches

Research issues related to the proper allocation of
indirect cost in ABC are separated into two parts.

One part is that how can we select proper cost
drivers for cost allocation. This part focuses on the
efficiency of ABC systems, because optimal cost driver
can save the information-gathering cost with higher or
similar performance.

The other part is that how can we allocate indirect
cost accurately. This part focuses on the effectiveness of
ABC systems, because the effectiveness can be achieved
by proper cost allocation criteria.

Previous researchers have made an endeavor to get
above efficiency and effectiveness. However, they do not
consider efficiency and effectiveness simultaneously.

For the efficiency, Babad and Balachandran (1993)
attempt to optimize cost driver in ABC system using
greedy algorithms. In addition, Levitan and Gupta (1996)
try to optimize the selection of cost driver in ABC system
using genetic algorithms. Above two researches make a
significant performance in optimization of cost driver, but
they assume that objective function is net savings (saving
from information-gathering cost by reduction of number
of cost driver - loss of accuracy sacrifice). However,
information-gathering costs are hard to measure and easy
to be measured by subject. In this study, we use only one
criterion to evaluate experimental results. The criterion is
enhancement in accuracy of allocating cost.

For the effectiveness issues, many researchers make
results. Several studies report that the accuracy of ANN
outperforms linear regression method (Lee and Ahn, 1993;
Lee, 1993; Garza and Rouhana, 1995; Creese and Li,
1995). Lee and Chun (1996) propose that CBR
outperforms linear regression model for allocating indirect
cost. In addition, Smith and Mason (1997) report neural
network have advantages when dealing with data for
which there is little a priori knowledge of the appropriate
cost estimating relationship to select for regression
modeling. Bode (1998) reports that the result of ANN after
grouping of data outperforms that of linear and nonlinear
regression. He also suggests criteria for a selection of
costing method (within ANN, parametric methods and
detailed cost estimation). However, they do not take into
account the efficiency issues in ABC systems.

Activity-based costing systems

ABC systems are costing method that assigns costs
to activities using multiple cost drivers, then to the
products based on each product’s use of activities (Maher
and Deakin, 1994). Therefore, it uses activities as the

criteria for cost allocation.
The traditional volume-based system distorts cost

allocation process, because it allocates costs by only one
criterion such as volume. Many indirect costs, however, do
not behave proportional to volume. For this reason,
traditional approach looses accuracy of cost allocation,
then causes distorted decision-making. ABC systems
reduce the risk of distortion, because it uses multiple
activities as cost drivers based on CERs.

ABC systems differ from traditional systems in two
ways (Cooper, 1989). Cost pools are defined as activities
rather than as production cost center. In addition, the cost
drivers are used to assign activity costs to outputs, which
different from traditional cost systems. Therefore, ABC
leads more accurate decision-making. However, ABC
approach is more expensive than traditional approach,
owing to information-gathering and measurement cost.
Therefore, in ABC system, we need to check the
cost/benefit of the number of cost drivers and its
information gain.

Cooper (1989) proposes optimal cost systems that
are defined as a cost system with equality between the
marginal cost and the marginal benefits of the
improvement. (See Figure 1.) In Figure 1., point “a”
denotes result of the trade off between the cost of
measurement and the cost of errors. Therefore, he
concludes that the present optimal cost system is not the
most accurate cost system.

He also says, the position of the optimal cost system
is affected by changes in cost measurement, cost of errors
and product diversity. (See Figure 2, 3.) Therefore, the
optimal and the most accurate cost system are achieved
concurrently by changes in these three factors.

The cost of measurement is changed by the
introduction of new information technology, such as more
powerful and less expensive computers, he says. However,
reducing ineffective cost drivers are elementary method
for decreasing measurement cost.

In choosing cost drivers, Maher and Deakin (1994)
suggest following abstract criteria.

(1)  Causal relation: Choose a cost driver that
causes the cost.

(2)  Benefits received: Choose a cost driver so
costs are assigned in proportion to benefits
received.

(3)  Reasonableness: Some costs cannot be linked
to products based on causality or benefits
received, so they are assigned based on fairness
or reasonableness.

Total
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Cost of 
Errors

Cost of 
Measurement

High

C
ost

Low

Low HighAccuracy
a

< Figure 1> The optimal cost  system (Cooper,  1989)
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Therefore, when we design the ABC systems, we
may consider above criteria.

Integrated model of GAs and ANNs

ANNs are information-processing systems to
produce output values according to certain logic. There are
many applications of ANN such as pattern recognition,
signal processing, speech recognition and time-series
prediction. In addition, several ANN applications to
business problems are exist, such as stock market
prediction, bankruptcy prediction, bond rating, credit
evaluation etc.

In addition, GAs are search algorithms based on
survival of the fittest among string structures to form a
search algorithm (Goldberg, 1989). For solution of
optimization problems, genetic algorithms have been
investigated recently and shown to be effective at
exploring a complex space in an adaptive way, guided by
the biological evolution mechanisms of reproduction,
crossover, and mutation (Adeli and Hung, 1995).

In order to improve the performance of AI
techniques, GAs are usually employed (Harp and Samad,
1991; Schaffer, et al., 1992; Park, et al., 1994; Kim and
Han, 1997). GAs have been increasingly applied in
conjunction with other AI techniques (Wong and Tan,
1994). GAs are generally used to select a neural network
topology such as optimizing relevant input variables,
determining the optimal hidden layer and nodes, etc.

In this paper, we propose integrated model of

GA and ANN to mitigate the limitations of ABC
systems. In this study, GAs are used for the step of
input variable selection and optimizing the network
structure of ANN. In hybrid model, GAs perform
global search and seek a near-optimal ANN structure.
It consists of two learning stages. The first stage is to
execute the learning process with the feedfoward
step of the backpropagation algorithm. In this stage,
the network topology and input variables of the
neural network are encoded on chromosomes as
decision variables. The fitness function is average
deviations between expected and predicted values.
In this stage, GA operates the process of crossover
and mutation on initial chromosomes and iterates
until the stopping conditions are satisfied. After the
first stage meets stopping conditions, we can get a
set of decision variables minimizing the fitness
function. The first stage provides initial decision
variables with smallest fitness function for the
second stage. The second stage is initiated, the
learning process continues until the terminal
conditions are satisfied.

Research data and experiments

To show the effectiveness and efficiency of the
proposed model, this study choose revised example
excerpted from the case of Cooper and Kaplan (1995). The
example is summarizes the case of Destin Brass Products
Co., which produces valves, pumps, and flow controllers.
Lee (1993) revises this case for experiments. A description
of research data is as follows. The products in this case are
three products such as valves, pumps and flow controllers,
and the number of activities are eight activities.

The range of valve is 3,500 ~ 10,500 at intervals of
2,000 products, that of pump is 7,500 ~ 17,500 at intervals
of 1,500 products, and that of flow controller is 2,400 ~
5,600 at intervals of 800 products. For the number of runs,
if the numbers of valve are over 10,000 products, then we
put two unit to the number of runs, else to one unit. In case
of pumps, if the numbers of run are increased one unit as
the numbers of pump are increased 2,500 products. As to
flow controller, standard production run are 10 units for
4,000 productions, and the numbers of run are increased
by two unit as the numbers of product are increased by
800 products. The application rate is summarized as Table
1.

Valves Pumps Flow
Controllers

Production unit 7,500 12,500 4,000

Production run 1 run 5 runs 10 runs

Cost
application rate

If production
unit>10,000,

run = 2,
else, run = 1

Production
unit: +,-
2,500,

run:+,-1

Production
unit: +,-

800, run: +,-
2

<Table 1> Application rate for product data (Lee, 1993)

For the simulation process of activity values,
following rules are applied. For example, the value of
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‘Setup labor’ activity is calculated as 8/run ×  (run of
values and pumps) + 12/run ×  (run of flow controllers).
The application rate is summarized as Table 2.

Valves

Applic-

ation

rate

Pumps

Applic-

ation

rate

Flow

contr-

oller

Applic

-ation

rate

Sum

Setup labor 8
Run

*8

Run

*8

Run

*12
168

Receiving 4
Run

*4

Run

*5

Run

*10
129

Materials

handling
4

Run

*4

Run

*5

Run

*10
129

Engineering 2 3 5 10

Packing and

shipping
1 7 22 30

Maintenance 3,750
Unit/

2
6,250

Unit/

2
800

Unit/

5
10,800

Machine

usage
3,750

Unit/

2
6,250

Unit/

2
800

Unit/

5
10,800

<Table 2> Application rate for activity data (Lee, 1993)

Experiments are implemented by NeuroShell 2
(Ward Systems Group, Inc., 1996) for ANN model and
NeuralWorks Predict (NeuralWare, Inc., 1995) for hybrid
model. The backpropagation algorithm and sigmoid
function are used in ANN. Learning rate, momentum is
0.1 respectively, and initial weight is 0.3. The 20% of data
for testing, 20% for holdout, and 60% for training
mutually and exclusively used in order to avoid overfitting.
In addition, 50,000 and 100,000 learning events since
minimum average error of test set are permitted to
generalize the experimental results.

In hybrid model, GAs are performed by
NeuralWorks Predict. The crossover probabilities and
probability of mutation are 0.7 and 0.1, respectively.

Using 100 cases, we train the hybrid and simple
ANN model. The results of comparative tests between
proposed model and simple ANN model are presented in
the next section.

Experimental results

For validating proposed model, 25 holdout cases are
used. After experiments, GA selects four cost drivers such
as ‘receiving’, ‘materials handling’, ‘maintenance’, and
‘machine usage’ from all seven drivers. Moreover, GA
recommends ANN architecture with three hidden nodes.

Table 3. ~ Table 6. describes the MAPE (mean
absolute percent error) for each model by several
experimental conditions.

# of cost driver
Set

7
(all cost drivers)

4
(selected by GA)

Training set 0.881 0.905

Validation set 1.426 1.358

<Table 3> Accuracy for model with three hidden nodes
(Assuming 50,000 events since minimum average error)

# of cost driver
Set

7
(all cost drivers)

4
(selected by GA)

Training set 0.871 0.848

Validation set 1.492 1.295

<Table 4> Accuracy for model with three hidden nodes
(Assuming 100,000 events since minimum average error)

# of cost driver
Set

7
(all cost drivers)

4
(selected by GA)

Training set 0.866 0.855

Validation set 1.317 1.271

<Table 5> Accuracy for model with seven hidden nodes
(Assuming 50,000 events since minimum average error)

# of cost driver
Set

7
(all cost drivers)

4
(selected by GA)

Training set 0.809 0.809

Validation set 1.400 1.246

<Table 6> Accuracy for model with seven hidden nodes
(Assuming 100,000 events since minimum average error)

Results show that proposed hybrid model
consistently outperforms the result of simple ANN model,
regardless of changes in number of hidden node and
changes in the number of learning events.

Concluding remarks

This study proposes the hybrid model to overcome
the limitations of designing ABC systems. Proposed
model outperforms simple ANN model from the results of
preliminary test. Therefore, we can conclude proposed
model has advantages when dealing with data with
complex and nonlinear CERs. The advantages of proposed
model, simultaneous consideration of the efficiency and
effectiveness of ABC systems cause these results.

However, this study has following limitations. First
of all, this study uses simulated data based on real case for
testing the effectiveness and efficiency of the proposed
model. This study cautiously manages simulation process,
but the result on simulated data does not guarantee the
consistency with the real world. Therefore, experiments on
real data are needed. Moreover, in process of data
simulation, this study does not includes the nonlinear and
cross terms. These factors must be included to reflect the
complex and nonlinear relationships between variables.

For future work, we intend to apply the AI technique
to more complicated areas in accounting, such as cost
estimation, allocating cost to departments, and mitigation
of linear assumption in Cost-Volume-Profit (CVP)
analysis.



Korea Expert Systems Society ’98 Fall Conference

Reference

Adeli, H. and Hung, S., Machine learning:
Neural networks, genetic algorithms, and fuzzy
systems, John Wiley & Sons, Inc., 1995.

Babad, Y. M. and Balachandran, B. V., ‘Cost
driver optimization in activity-based costing’, The
Accounting Review, 68(3), 1993, pp. 563-575.

Bode, J., ‘Neural networks for cost estimation’,
Cost Engineering, 40(1), 1998, pp. 25-30.

Cooper, R. and Kaplan, R. S., The Design of
Cost Management Systems, Prentice Hall,
Englewood Cliffs, NJ, 1991.

Cooper, R., ‘The rise of activity-based costing-
Part Three: How many cost drivers do you need, and
hoe do you select them?’, Journal of Cost
Management, 2(4), 1989, pp. 34-46.

Creese, R. C. and Li, L., ‘Cost estimation of
timber bridges using neural networks’, Cost
Engineering, 37(5), 1995, pp. 17-22.

Garza, J. M. and Rouhana, K. G., ‘Neural
networks versus parameter-based applications in
cost estimating’, Cost Engineering, 37(2), 1995, pp.
14-18.

Goldberg, D. E., Genetic algorithms in search,
optimization, and machine learning, Addison-
Wesley Publishing Company, Inc., 1989.

Harp, S. A. and Samad, T., ‘Optimizing neural
networks with genetic algorithms’, Proceedings of
the American Power Conference, 1991, pp. 1138-
1143.

Horngren, C. T., Foster, G. and Datar, S., Cost
Accounting: A Managerial Emphasis, Prentice Hall
International, Inc., 1997.

Kim, K. J. and Han, I. G., ‘Prediction of the
price for stock index futures using integrated
artificial intelligence techniques with categorical
preprocessing’, Proceedings of Conference on Korea
MS/OR Society, 1997, pp. 105-108.

Lee, J. K., Total cost prediction models using
artificial neural networks, Master Thesis, Ajou
University, 1993.

Lee, J. S. and Ahn, T. S., ‘An artificial neural
network approach for activity-based cost allocation’,
Proceedings of 1993 Korea-Japan Joint Conference
on Expert Systems, 1993, pp. 380-393.

Lee, J. S. and Chun, Y. J., ‘A Case-based
reasoning approach for activity-based cost
allocation’, Proceedings of Conference on Korea
Expert Systems Society, 1996, pp. 357-364.

Levitan, A. and Gupta, M., ‘Using genetic
algorithms to optimize the selection of cost drivers
in activity-based costing’, Intelligent Systems in
Accounting, Finance and Management, Vol. 5, 1996,
pp. 129-145.

Maher, M. W. and Deakin, E. B., Cost
Accounting, Irwin, 1994.

Park, D., Kandel, A. and Langholz, G.,

‘Genetic-based new fuzzy reasoning models with
application to fuzzy control’, IEEE Transactions on
Systems, Man and Cybernetics, 24(1), 1994, pp. 39-
41.

Schaffer, J. D., Whitley, D. and Eshelman, L. J.,
‘Combinations of genetic algorithms and neural
networks: a survey of the state of the art’,
Proceedings of the International Workshop on
Combinations of Genetic Algorithms and Neural
Networks, 1992, pp. 1-37.

Smith, A. E. and Mason, A. K., ‘Cost
estimation predictive modeling: Regression versus
neural network’, The Engineering Economist, 42(2),
1997, pp. 137-160.

Wong, F. and Tan, C., ‘Hybrid neural genetic,
and fuzzy systems’, In Deboeck, G. J. (ed.), Trading
on the Edge, John Wiley & Sons, Inc., 1994, pp.
243-261.


