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Many cost and time overruns in international proj-
ects are mainly attributed to either unforeseen

events or foreseen events for which risk has not been ap-
propriately accommodated in the project budget. Inter-
national construction firms operating in a foreign
country face the challenge of identifying, analyzing, and
evaluating various types of “political” risks that may af-
fect their projects. Political risk is defined as a risk re-
sulting from the actions of a government that will
decrease the return of a planned foreign investment (Al-
Bahar & Crandall, 1990). The cost of political risk can be
a deciding factor for international firms for whether or
not to enter into a bidding activity in a specific country.
Further, an accurate budget update based on the
changing project environment is necessary to obtain a re-
alistic financial plan during the progress of the project. A
systematic framework for identifying, evaluating, and
quantitatively estimating the cost of political risk is es-
sential for managing international construction projects.

In order to assess the impact of uncertainty and risk
involved in a construction project, there are several tra-
ditional methods used that are based on subjective ana-
lytical examination. These techniques mainly rely on
historical information and experience of the
person/company involved (Bajaj, Oluwoye, & Lenard,
1997). If applicable historical data are inadequate or ab-

sent, then the subjective judgment of experts who have
relevant knowledge and experience is traditionally used
for risk assessment. For example, the common practice
for construction risk cost estimating in international
projects is to solicit an expert in the host country to eval-
uate the impact of risk based on history, culture, and
policies of the host country. Based on this expert advice,
a considerable contingency allowance to the overall esti-
mate is added to the project cost. This contingency allo-
cation approach is simplistic and based on a single
estimator’s perception of project risks, in which the esti-
mator finds it difficult to justify or defend the judgment
or to convincingly explain the perception about future
risks. The determination of the right amount of the
added contingency is implemented subjectively and
without proper judgment or criteria externalization.

This paper introduces a representation-modeling
tool for evaluating and quantifying political risks in in-
ternational construction projects. An artificial neural
network (ANN) methodology is proposed to represent
the experience and knowledge of experts involved in
risk assessment. ANN is a powerful artificial intelli-
gence modeling method that facilitates the representa-
tion of human knowledge and expertise in fields where
conventional algorithmic programming does not apply.
ANN is used in this paper to develop a political risk-
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quantifying method and to aid the subjective political
risk-assessment process of estimators.

The paper describes how an ANN system can be de-
signed and developed so as to identify the cost devia-
tions that occur, due to the political risk involved in a
construction project, by observing the status of key fac-
tors that affect the project cost. With appropriate training
on the ANN model, the project manager can incorporate
the risk consequences into a bidding decision, and gen-
erate revised and updated risk estimates systematically
and easily during the progress of the project. The model
can be applied to a project at regular intervals to quantify
the increase in budget cost. Once the increase in cost due
to risk is identified, the baseline budget for the re-
mainder of the project can be easily revised by a project
manager, based on the change in risk perceptions. 

Artificial Neural Networks
ANNs are a class of modeling tools composed of neurons
or processing elements and connections that are orga-
nized in layers—an input layer, middle or hidden
layer(s), and an output layer—as illustrated in Figure 1.
The signals entering the input layer flow to the output
layer through the middle layer(s), with the input signals
detailing the problem to be solved and the output signals
representing the network’s solution to that problem. The
connections among the neurons are associated with nu-
merical values, called connection weights, that determine
the influence of one neuron on another. The connection
weights modify the output signal on each of the connec-

tion paths, making some connections stronger and other
connections weaker. The neurons in the input layer re-
ceive their activation from the environment, while the ac-
tivation levels of neurons in the middle and output layers
are computed as a function of the activation levels of the
neurons feeding into them. Typically, this involves the
summation of all incoming signals (along with a bias as-
sociated with the middle layer neuron), followed by the
application of a nonlinear function termed the activation
function or transfer function.

During the training process, the connection weights
are learned by the network, as training examples are
presented repeatedly. The neural network modifies the
weights between layers in successive iterations until the
network is able to generate the desired output of the
system to within a specified accuracy, or until the user-
specified number of iterations has been performed.
Knowledge is effectively learned and stored by the
weights on the connections between the neurons. Once
training has been completed, it is anticipated that the
neural network will be able to generate the required
output for example problems not considered during
training. ANNs allow self-learning, self-organization,
and parallel processing, and are well suited for prob-
lems involving matching of input patterns to a set of
output patterns where deep reasoning is not required.

Figure 1(a) depicts a typical neural network repre-
sentation of input, output, and hidden layers. Figure
1(b) shows the schematic of a single artificial neuron.
For the current problem representation, the input layer
consists of the status of construction risk environment
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Figure 1. An ANN With Three Layers (a) and Activities at the Neural Network Node (b)
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variables, while the output layer represents the expected
variances in project cost. A good introduction to the
general field of ANNs can be found in Lippmann
(1987) and Caudill (1989). Neural networks are widely
used in the field of project control and cost manage-
ment. Al-Tabtabai, Kartam, Flood, & Alex (1997) pro-
posed a neural network-based system in the area of
project control, and Al-Tabtabai and Alex (1997; 1998)
discussed using it to manage the construction cost
during the progress of a project.

Political Risk in International Construction
The three targets of cost, time, and quality are subject to
political risk and uncertainty in international construc-
tion projects. Contractors have to bear the majority of
the risks pertinent to a project, as specified in the con-
tract documents. In a highly competitive international
market, marginal cost overruns can easily erase contrac-
tors’ profits and may lead to major financial problems
(Gorgan, 1995). Hence, project managers involved in
international construction need to identify major polit-
ical risk sources causing cost overruns in advance, to be

proactive in managing them. The major concern for the
project manager, when project progress is affected by a
risk situation, is to assess and select the most effective
response to forecast the effect of political risk, and to
apply mitigating strategies before actual project perfor-
mance suffers.

If factors leading to a political risk can be identified
in advance, then techniques for managing the risk can
be an integral part of project design and implementa-
tion. To minimize the effects of political risk, a system-
atic approach to the management and assessment of
project risks and uncertainties in the planning phase is
required. International firms usually allocate contin-
gency allowances in the budget to provide for unfore-
seen circumstances based on political and economic
factors. The project baseline budget is modified, ac-
cording to the magnitude of political risk expected for
the project, in the form of a contingency added to
budget cost. The provision of risk allocation should en-
sure that the budget set aside for project execution is re-
alistic and sufficient to contain the unforeseen cost
increases due to this risk. The cost effect of each signif-
icant risk factor should be analyzed to determine real-
istic cost estimates for projects. A realistic estimate that
quantifies an appropriate allowance for all those risks
and uncertainties is usually anticipated from experience
and foresight (Perry, 1986).

A typical systematic approach to risk control should
involve the identification of the risk sources, assess-
ment of their effects on the current project, and selec-
tion of means to control them.

Risk identification is a difficult task, because it is
often highly subjective, and there are no unerring pro-
cedures that may be used to identify construction risks
other than relying heavily on the experience and insight
of the key project personnel (Bajaj et al., 1997). Never-
theless, it is still possible to approach political risk in a
systematic way. Risk involved in a project can be identi-
fied by subdividing a project into its major elements,
and analyzing in detail the risk and uncertainty associ-
ated with each. Each work center can be treated as a risk
center. The amount of contingency allowance to be al-
located for each will be different. The reasoning used by
the project manager, in predicting the expected political
risk performance, requires an understanding of the
characteristics of the project work and the environ-
mental attributes surrounding the work that contribute
to a particular performance.

Risk evaluation of construction projects requires the
analysis of various construction processes in order to
account for the involved and perceived risk associated
with these processes. It can be observed that the cogni-
tive process of the project manager leads to a concep-
tual representation of the circumstances surrounding a
project performance at a given time, in order to forecast
the expected risk effects. This representation includes
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functional relationships among various factors causing
risk and the cost performance of the project. Any pre-
diction on the effect of political risk requires a clear un-
derstanding of the key political risk variables that
impact the performance of the project.

Risk does not completely follow historical data;
rather it also depends on environmental factors. Most
projects contain a number of reasonably standard and
recognizable political risk situations (Bajaj et al., 1997).
In such situations, the judgment of the project manager
plays an important role in forecasting political risk,
rather than basing the estimate on historical frequencies.

Once the political risk variables that affect the cost
are identified and the cost’s status is determined, an ex-
pert in political risk can make intuitive judgments
about the expected influence of these variables on the
risk parameters, based on analogy and without the ne-
cessity of deep reasoning. A project manager uses her
expert knowledge, gained through education and expe-
rience in the construction environment, to identify the
magnitude of variation in cost from the reference
project cost. This knowledge includes technical skills;
economic, political, and financial knowledge; and so-
cial, communication, and legal skills, as well as polit-
ical knowledge. A systematic pattern of these judgments
can be coded and represented in a neural network. The
list of political risk source variables will act as the input
variables for the network, while the expected variance
rating due to the perceived risk, represented in a suit-
able form, will be the corresponding output variables. 

Different work elements of a project can be evalu-
ated using a trained neural network to identify the vari-
ations in cost from the planned values. The trained
neural network mimics the decision process of the ex-
pert whose judgment is employed for training. Outputs
from such systems can be used to update the risk statis-
tics and to generate revised estimates at various execu-

tion stages of the project. The concept of the proposed
risk assessment system is represented in Figure 2.

Neural Networks for Political Risk Prediction

Identification of Environmental Factors. The envi-
ronmental risk factors affecting a project have been well
categorized by Ashley and Bonner (1987); they divide
the political risk factors into political source and project
consequence variables. These in turn affect the four dif-
ferent elements of cash flow—labor cost, material cost,
overhead cost, and revenue. The major political source
variables that affect any international construction
project are as follows:
■ Firm’s relationship to the government. This variable
represents the firm’s relationship to the government,
agencies, unions, groups, and so on. Good relation-
ships with the members of the government will protect
the interests of the firm and provide information and
support. 
■ Firm’s relationship to the power groups (labor unions,
business associations, environmental protection groups,
radical groups, etc.). This factor is increasingly found in
most of the developed and developing countries. Labor
strikes initiated by labor unions and termination of
construction operations for environmental reasons by
environmental groups are a few examples of the impact
of this factor. 
■ Involvement of local business interests. Considerable
political risk can be avoided by involving a high level of
participation by host country nationals (e.g., using
local suppliers or local subcontractors or having an effi-
cient local partner).
■ Impact of regional and external factors. Regional risk
factors include terrorism, crime rate, and vandalism,
which can affect the business on a daily basis. External
risk factors include armed or political conflicts between
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Figure 2. Proposed Risk Estimation Process
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a country and its neighbors, as well as other sociopolit-
ical disorders.
■ Nationalistic attitudes toward the firm. The degree of
acceptance that the firm can expect from entities within
the host country is reflected in this factor. Examples in-
clude anti-foreign sentiment and difficulties due to
origin, religion, and perceptions. 
■ Project desirability to the host country. This variable
refers to the relative importance of the project to both
the government and local power groups. A desirable
project may benefit from “political smoothening” and
elimination of barriers.

The list of selected political risk factors represents
the majority of typical project risks. These variables lead
to project consequence variables that affect the cash
flow and profitability of a project. The variables that in-
fluence the estimation of expected political risk for in-
ternational construction operation are selected as the
input variables for the neural network model shown in
Figure 3.

Risk Judgment. For proper analysis of risk, it is im-
portant to create multiple scenarios of the future. Sce-
narios (case profiles) with random values for each of
the input variables were used for judgment collection
in our research. For illustrative purposes, five project
managers with more than 20 years of international con-
struction contracting and management experience were
selected, and their judgments on 50 case profiles were
collected. Each case represents a unique situation of a
project. Experts provided their responses for the input
variables using seven labels, as shown in Figure 4. A
rating in the form of a percentage change in cost from
the baseline cost forms the output vector for the neural
network model. For Figure 4, a slightly risky situation is
assumed to cause a 10% increase in cost, while a very
risky situation imposes a 60% increase in cost. Poten-
tial users can modify these ranges according to the na-
ture of the project and the host country in which the
project is implemented.

The input variables used in the models are inher-
ently continuous in nature, and, hence, any of an infi-
nite number of values could be input. However, there
was a need to select some scale to which a user of the
system could relate. The neural network is an empiri-
cally derived model, as opposed to a theoretically de-

rived model. A quantification of each input variable
(into one of seven values) is not difficult for an expert
in the field. For example, Attribute 1 (Firm’s Relation-
ship to Government) can have a range value between 1
(Very Good) to 7 (Very Poor). When an attribute is la-
beled as “very good,” it refers to the best favorable con-
dition that an expert can think of regarding that
attribute, while an attribute labeled as “very poor”
refers to the maximum worst condition that an expert
can think of regarding that attribute. Once the experts
identify these extremes from their experience and skill,
they can then easily quantify other intermediate scale
values between these extremes. Such experts make such
judgments on a day-to-day basis when evaluating the
performance of a project, albeit in a less formal
manner. The choice of words to express each level for a
variable (where appropriate) facilitates this task by
using terms that are familiar to the expert.

The experts analyzed the state of inputs describing the
case profile, and exercised their judgments on the ex-
pected change of cost due to political risk for the de-
scribed project. The judgments of each expert on these
case profiles were further given as feedback to each of the
other participants for modification and revision of judg-
ments. The revised judgments were averaged to reach a
smoothed output value for each of the case profiles.
These hypothetical case profiles with the extracted output
values were coded to generate a set of training data.

The total number of possible cases is effectively in-
finites since the input variables are inherently contin-
uous. The fact that the authors chose to limit the actual
values of each input to a finite set does not alter this
point. As far as the neural network is concerned, it is fit-
ting a continuous function to the training data. The
number of training points that are needed to develop
an accurate continuous function model depends on
other factors, most notably: the complexity of the solu-
tion surface being modeled (i.e., how many hills and
valleys it contains), the stochastic content of the data
(i.e., one needs enough training points to prevent bias
due to random fluctuations), and the number of input
variables (though not the number of values considered
for each variable where they are inherently contin-
uous). The capability of neural networks to generalize
on limited quantities of training data combined with
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Figure 3. Input and Output Vectors of the Neural Networks
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the randomness in the training set will alleviate any
chance of bias due to the limited number of training
cases. 

Neural Network Design. In this research, a con-
tinuous function-mapping network design has been
adopted, since the values of the output variable (per-
cent increase in cost due to risk) and the input variables
are continuous. Continuous mapping functions can
represent both continuous and discrete data, whereas
discrete mapping functions are limited in their ability
to represent continuous data. However, certain discrete
sets of values (attribute labels) were used to provide
meaningful anchors for the scale values in order to ease
the judgment process of experts during knowledge ac-
quisition.

Back Propagation Algorithm. The back propagation
algorithm is the most widely used training technique
for continuous function mapping. This algorithm has
been shown to be theoretically sound (Rumelhart,
Hinton, & Williams, 1986), performs well in modeling
nonlinear functions, and is simple to code. Back propa-
gation algorithm training develops the input to output
mapping by minimizing a sum squared error cost func-

tion measured over a set of training examples. The
mean squared error (MSE) is expressed as:

where “A” is the actual output generated by the neural
network, “D” is the desired output value, and “n” is the
number of training examples.

The transfer function computes the activation level
of a neuron from the sum of input values. The function
adopted for the current problem was a sigmoidal curve,
given by:

where “x” is the sum of the inputs to the neuron. The sig-
moidal function generates output values between 0 and 1.

Learning Rate Coefficient. Another important network
design variable is the learning rate coefficient (η) that
represents the degree by which the weights are changed
when two neurons are excited. Each time a pattern is pre-
sented to the network, during learning the weights
leading to a neuron are modified slightly in the direction
required to produce a smaller error at the outputs the

Transfer Function x
1

1 e–x( ) =
+

MSE
n

=
( )∑ D– A

2
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Figure 4. A Typical Case Profile Used for Expert Judgment
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next time that the same pattern is presented. The amount
of weight modification is proportional to the learning
rate. The value of η ranges between 0.0 and 1.0, where a
value closer to 1 indicates significant modification in
weight, while a value close to 0 indicates little modifica-
tion. A small learning rate of 0.15 was arbitrarily chosen
for the current problem, since larger learning rates often
have been found to lead to oscillations in weight
changes resulting in a never-ending learning process.

Momentum Coefficient. One way to allow faster learning
without oscillations is to make the weight change, in part,
a function of the previous weight change. A momentum
coefficient represents this portion of the weight change. In
this study, a coefficient of 0.7 was found to perform well.

Hidden Layers. The number of hidden layer(s) and the
number of hidden neurons in the hidden layers provide
the power of internal representation in capturing the
nonlinear relationship between the input and output vec-
tors. Hence, a larger number of hidden layers and hidden
neurons provides the potential for developing a more ef-
fective network. However, the addition of more hidden
neurons increases the number of undetermined parame-
ters (weights and biases) associated with the network. A
large number of training examples is then needed to
solve these parameters and to get a good approximation
of the problem domain. When too few training examples
are provided, the network will try to memorize, resulting
in poor generalization. Carpenter and Hoffman (1995)
determined that to provide a good approximation over
the problem domain, one should have overdetermined
approximations; that is, the number of training pairs
should be greater than the number of undetermined pa-
rameters. Undetermined parameters in neural network
approximations are the weights and biases associated
with the network. To capture and represent the features
within a set of data, there usually should be one to two
hidden layers. One hidden layer with 14 hidden neurons
constitutes the current network arrangement.

Neural Network Training. The generated input-
output data pairs (50 cases) were each divided into a
training set and a test set. The test set was derived from
the data set by selecting 10–20% of data pairs randomly.
NEUROSHELL, a commercially available neural network
development software from Ward System Group Inc.,
was employed to train and develop the neural network
model. Six input neurons and one output neuron with
14 hidden neurons constitute the neural network
arrangement for the political risk module. 

The training of a neural network is stopped when
the error falls below a user-specified level, or when the
user-defined number of training iterations has been
reached. In this case, 20,000 iterations were planned for
the final training process, as this was found adequate in
a series of test runs. Network development was per-
formed on an IBM-compatible machine (100MHz,
16MB RAM). Training took 30 minutes, and the least-

average error of the network, which was accumulated
over all the training sample cases, reached 0.0000054.
The neural network approach discussed in this paper (to
develop a political risk system) is illustrated in Figure 5.

Table 1 provides the comparison between the actual
output and the neural network-generated output for the
testing set. The MSE for the neural network model when
applied to the test cases was found to be 0.3902, and the
percentage of average operational error for the test cases
was found to be only 7.016%. These statistics show the
ability of the network to predict the political risk judg-
ment values with moderate to high precision. Figure 6
plots the expert judgment (solid line) and the predicted
values by the neural network (thin line) for the com-
plete data set of the political source decision variables.

Neural Network Implementation. The next step
following the model development is to incorporate it
in existing estimation systems. A preliminary observa-
tion of several project sites indicated that a typical com-
puting facility consists of a Windows-based PC, which
uses powerful and inexpensive estimating systems (e.g.,
Precision Estimator), along with spreadsheets. These
systems allow the user to customize various operations
conveniently. Recently, popular software houses have
begun to provide at least one programming language
support to its software systems. This allows the user to
create powerful macros that automate various se-
quences of actions within the software systems.

Most Windows-based systems allow the transfer of
data between compatible systems using dynamic data
exchange, object linking and embedding, clipboard
transfer, open database connectivity, etc., along with
the import and export of data files in predefined for-
mats. Given these capabilities, it is possible to incorpo-
rate the developed models in most of the conventional
estimation and cost management systems.

The following general steps can be adopted to inte-
grate the models with popular spreadsheet packages
used in the construction industry. The steps required
are embed: the trained networks in any spreadsheet file
(most neural network development tools can represent
the learned network as a dynamic link library that can
be inserted to any Windows-based spreadsheet), import
the cost data file to the spreadsheet file, input the cur-
rent values of risk variables in the spreadsheet, activate
the networks to predict the percentage increase in
project cost based on the input variables, and modify
the initial cost estimates with the percentage increase in
cost suggested by the neural network.

A more advanced user interface can be developed
using interface-programming languages. Queries re-
garding the environmental factors required by the
model can be prompted using created dialogue boxes,
and the user entries about the status of these factors can
then be used by the model to generate the risk-adjusted
cost. The neural network can be automatically applied
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to the remaining work packages, or those in progress,
and the resulting changes will be reflected in the total
cost by estimating the tasks based on these predictions.
The set of instructions required to implement this func-
tion can be automated using a macro, which can be at-
tached to a toolbar button in a spreadsheet application.

Discussion
The high-risk nature of construction projects has led to
many cost overruns in the history of construction. There-
fore, contractors should use a systematic approach to
managing risk. Uncertainty inherent in these elements
and its impact on results can be characterized by ap-
plying a neural network and incorporating it directly in
the risk quantification decision process. The manage-
ment of cost risks begins with a systematic political risk
evaluation and appropriate allocation of contingency.
The contractors often require the calculation of a risk

premium to transfer their risk to an insurance agency,
subcontractors, owners and/or joint venture partners.
Risk needs to be quantified in all these situations.

Risk analysis consists of three distinct stages: the
identification of risk elements (categorizing foreseeable
risk), the quantification of risk consequences (measuring
monetary losses and gains resulting from risk events),
and risk control (reducing or removing the exposure of a
given risk by substituting proven technology for experi-
mental technology) (Park, 1979). People need assistance
in making accurate judgments about risk-associated con-
sequences. Risk assessment requires experience and ex-
pert knowledge. A single estimator’s experience may be
limited. Hence, a collective expertise needs to be applied
to calculate the risk-adjusted cost of a project.

ANNs offer a potentially powerful tool for esti-
mating risk parameters from current project conditions.
The prime reason for the selection of an ANN paradigm
from other available artificial intelligence tools is its
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Figure 5. Development Procedures of the Neural Network-Based Risk Assessment System
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ability to learn and adapt a solution to a problem from
experience. The major advantages of adopting ANNs for
the quantification of risk-associated consequences are
due to its ability to model the complex nonlinear map-
ping required in the decision-making process, fault-tol-
erance capability in smoothing out the noise in the
data collected for training, and ability to generalize on
incomplete information.

However, there are several factors that need to be
addressed during the development of the system.
■ The accuracy of the political risk evaluation models
mainly depends on the soundness of the underlying ex-
pert decisions. In other words, the quality of the gener-
ated predictions by the neural network models depends
on the legitimacy of judgments used for training.
■ The training cases generated from the judgment of
experts are not free of bias because of the intuitive and
subjective nature of the judgment process of individuals.
■ Any political risk variables that have a bearing on
the cost performance, if omitted during the knowledge
representation stage, will alter the predictions.

The provision of cognitive feedback of judgments
among the experts allows to a great extent a reduction
in the bias in judgments. In addition, the ability of
neural networks to operate with noisy and incomplete
data suggests that the earlier-mentioned limitations can
be overcome to some degree. This ability can be en-
hanced by choosing high-quality, well-experienced pro-
fessionals in the local construction industry as domain
experts for knowledge representation. Increasing the
number of training cases with a wide representation of
various possible situations will enable the network to
generalize and learn the problem more accurately.

Training cases can also be obtained from actual proj-
ects. In this case, the environmental variables and the
risk effects of these variables on the work package will be

known and can be related to each of the risk domains.
Careful observation of the project environment in a host
country at regular intervals is necessary to generate such
training cases. Thus, a more realistic representation can
be obtained for training. The network modules can be
further trained to represent any unique and peculiar
characteristics of a specific country. New data can be ap-
pended to the training set for subsequent revision of the
network knowledge.

Concluding Remarks
Misunderstanding the political risk involved in a con-
struction project can jeopardize the project success. Es-
timating contingency amount by guesswork without
proper judgment aid, when added to the capital cost es-
timate, can affect the outcome of the project’s economic
analysis. A contractor with a good risk understanding of
his project can feel more secure with his project. In-
ability of management to fully anticipate conditions
that affect cost leads to overruns. Monitoring those fac-
tors that have been identified as surrogates for the dif-
ference between original bid cost and final cost will
help control the cost of projects.

An artificial neural network has been developed to
quantify the cost consequences of political risk associ-
ated with construction projects. The paper has demon-
strated the potential for applying neural networks to
quantify construction risk. Neural networks are well
suited to decision-making in analogy-based problems
using the intuition and experience of experts. ANNs can
embody more knowledge derived from the judgment
process of a group of experts, and can represent the
functionally independent and meaningful chunks of
expert insight. This results from their ability to learn
and generalize from experience. Research has shown
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Table 1. Comparison of Neural Network-Generated Output Versus Desired Output (Expert Judgment) on
Unseen Cases

Mean Square Error = 0.3902

7.0%100*
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ab
n
1

Average Operational Error =∑ 



 –

=

Case Profile
#

Desired Output
(a)

Neural Network
Output

(b)

8 4.0000 5.2834
18 3.0000 3.6001
24 6.0000 5.3586
28 5.0000 5.4446
30 5.0000 4.4824
32 6.0000 5.8848
37 6.0000 5.8532
39 6.0000 5.5499



that neural networks are suitable for modeling complex
relations between construction risk conditions and per-
formance of the project, as reflected in the performance
of various work packages.

As shown, it is best to break down the political risk
domain into easily manageable modules with indi-
vidual but systematic neural network representation,
and then integrate these using an interface to provide
the final solutions. The division of the political risk
problem domain into different risk models reduced the
complexity of a network and facilitated the knowledge-
gathering process. The results obtained from the
models were compared with the recommendations
provided by the experts. The comparison showed the
neural network solutions to be accurate. The test cases
were limited in the illustration; however, a larger
number of test cases would provide greater confidence
in these results. The developed neural network-based
political risk model can be integrated into spreadsheets
used for cost estimation. Such integration facilitates the
practical use of the proposed approach by consulting
engineers performing supervision and by construction
managers responsible for project risk management and
control functions.
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