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A B S T R A C T

Neuro-fuzzy systems (NFS) can explicitly represent and model the input–output relationships of complex pro-
blems and non-linear systems, like those inherent in real-world construction engineering and management
(CEM) problems. This paper contributes three things previously lacking in CEM literature: a systematic review
and content analysis of published articles related to NFS topics in CEM research; identification of criteria to
evaluate different NFS; and recommendations to researchers and industry practitioners in choosing a suitable
subset of NFS techniques for solving different types of CEM problems. The literature review reveals that NFS
classification methods are based on NFS architecture, learning algorithm, fuzzy method, and application area.
This paper systematically categorizes CEM application domains (decision making, prediction/forecasting, eva-
luation/assessment, system modeling and analysis, simulation, and optimization) and maps them to NFS based
on their suitability, which is determined using the performance evaluation criteria of convergence speed,
computational complexity, interpretability, accuracy, and local minima trapping.

1. Introduction

Construction engineering activities interact with each other and are
affected by a variety of uncertainties such as weather conditions, geo-
logical properties, human judgments, and random market fluctuations
[1,2,3,4]. Appropriate management of these activities is critical to ef-
ficiently execute construction operations; hence, construction man-
agement is a process of accomplishing construction objectives by in-
tegrating construction resources (i.e., manpower, money, materials,
and machinery/equipment) [1]. Practical construction engineering and
management (CEM) problems are characterized by high level of com-
plexity involving dynamic and complex relationships due to the un-
certainty and changing nature of the environment in which the con-
struction industry operates [1,2,3,4,5,6,7,8,9]. It is difficult to explicitly
represent such complex CEM problems in mathematical or statistical
terms [7,8]. Therefore, artificial intelligence (AI) techniques are sui-
table to solve such complex real-world problems for an uncertain en-
vironment [10,11]. According to Chen et al. [12], AI techniques have
been applied to many aspects of CEM recently and have garnered much
attention by researchers.

Application of AI has emerged and proven to be very effective for a
wide range of real-life problems as depicted by a substantial amount of

relevant research recently conducted in this field [1,7,12,13,14,15,16].
Expert systems, fuzzy systems, artificial neural networks (ANN), Baye-
sian networks, evolutionary computation, and genetic programming are
popular realizations of AI [10,12]. Furthermore, hybrid approaches that
combine two or more AI methods in various ways – such as neuro-fuzzy
systems (NFS), neuro-genetic systems, genetic fuzzy systems, and ge-
netic programming neural networks – are being widely used in solving
practical real-world problems [2,3,7,13,14,15,17,18,19]. Existing lit-
erature indicates that stand-alone AI techniques have limitations for
handling real-world problems mainly because of the complexity of real-
world problems and uncertain/unclear or lack of enough information
[7,8,9,15]. For instance, fuzzy systems are strong in reasoning and in-
ference and explicit knowledge representation while weak in learning
capabilities [7,8,10,20,21,22]. On the other hand, ANNs have powerful
learning ability while poor in reasoning and inference [1,9,14,19,21].
As a result, the research on the applications of AI techniques indicates a
shift from the use of these traditional stand-alone AI methods towards
employing hybrid systems by integrating two or more different AI
techniques such as NFS [7,8,15,23].

NFS has emerged as a dominant technique in modeling and solving
complex real-world problems, and it has attracted the growing interest
of researchers in various business, scientific, and engineering
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application areas because of its effective learning and reasoning cap-
abilities [2,9,12,14,15,17,21]. NFS are hybrid models that combine the
learning power of ANN and functionality of fuzzy systems (i.e., im-
proving reasoning and inference and explicit knowledge representa-
tion) [7,8,10,18,21]. There are different ways of combining fuzzy sys-
tems and ANN such as a fuzzy-neural network (FNN) equipping a neural
network to execute fuzzy information or NFS developed through aug-
menting neural networks in a fuzzy system [19,24,25,26]. The resulting
NFS perform better than any single method alone and is suited to
handle real-world problems in a practical and effective manner taking
advantage of complementary characteristics of ANN and fuzzy systems
[2,4,5,8,12,14,15,17]. Knowledge representation [10,22], automated
learning [2,22], and ability to use linguistic variables [2,27] to model
the input–output relationships of a given system makes NFS a powerful
technique to solve complex real-world problems.

Real-world problems in CEM are characterized by their non-speci-
ficity, uncertainty, complexity, dynamism, and non-linearity [7,8,28].
NFS combines knowledge representation with the learning power of
ANN, consequently enabling it to represent qualitative, vague, and
imprecise concepts [8]. Thus, NFS possess a significant potential for a
variety of applications in CEM owing to its robust, fast, and effective
characteristics for solving complex problems. For instance, Jin [19,26]
applied the most commonly used NFS, adaptive neuro-fuzzy inference
system (ANFIS), for the decision-making process of efficient risk allo-
cation that possesses the capability to handle non-specificity, un-
certainty, non-linearity, and complexity that are involved in most risk
allocation decision-making processes. Elmousalami [11] showed the
suitability of computational intelligence (CI) techniques, which com-
bine fuzzy logic, neuro computing, and evolutionary computing and are
used for parametric cost prediction models. Rashidi et al. [29] used
neuro-fuzzy genetic systems to solve a decision-making issue for
choosing a qualified project manager in the construction industry.
Likewise, Shahhosseini and Sebt [30] applied ANFIS for selecting and
assigning employees for construction projects based on competency.
Shahtaheri et al. [31] developed an ANFIS-based model for estimating
baseline rates for on-site work categories in the construction industry
based on existing knowledge using 272 data points available from 14
projects. Siraj et al. [16] developed AI-based compressive strength
predictive models for high-performance concrete. Nazari and Sanjayan
[32] proposed a hybrid model based on ANFIS and imperialist com-
petitive algorithm (ICA) capable of predicting compressive strength.
Tokede et al. [9] developed a neuro-fuzzy hybrid cost model for pre-
dicting the final cost of small water infrastructure project. Georgy et al.
[2] utilized neuro-fuzzy intelligent systems for estimating or predicting
engineering performance in a construction project.

A review of past studies showed that NFS are limited to select as-
pects of CEM applications such as cost, risk, human resource, quality,
and performance management. Major challenges of these studies are to
find synthesized information in the existing literature and useful re-
commendations to researchers regarding the suitability of NFS techni-
ques to any specific CEM application domain and availability of in-
formation in one place. To date, there has been no systematic literature
review and detailed content analysis done on NFS in CEM applications.
Moreover, suitability of a particular NFS to problems within the CEM
application domain, detailed and integrated categorization of the var-
ious NFS, and identification of criteria that enable the categorization of
NFS and recommendation of a suitable subset of NFS approaches for
CEM applications have not been done. To address these gaps, the ob-
jectives of this paper include (1) review of latest advances in NFS in
general and classification approaches of NFS, (2) conduct systematic
literature review and content analysis on NFS techniques in CEM ap-
plications, (3) classify NFS in CEM research, (4) identify criteria to
evaluate appropriateness and suitability of NFS in CEM applications,
and (5) recommend suitable subsets of NFS techniques for solving dif-
ferent types of CEM problems. The novel contributions of this paper are
in presenting a systematic literature review of NFS techniques in CEM

and recommendations to researchers regarding the suitability of NFS
techniques in different CEM application categories.

The rest of this paper is structured as follows. First, an overview of
latest advances in NFS is provided. Next is presented the research
methodology followed for carrying out the systematic literature review
and content analysis highlighting NFS in CEM research. This is followed
by content analysis results and discussions. The next section deals with
identification or development of criteria to evaluate suitability of a
given NFS for a particular CEM research problem. Then, re-
commendations to guide researchers in selecting NFS techniques for
solving CEM research problems are presented. Finally, conclusions and
suggestions for future research are outlined.

2. Literature review

This section presents past state-of-the-art reviews on NFS, recent
development of applications of NFS, and classification methods of NFS
techniques.

2.1. Previous state-of-the-art reviews conducted on NFS

A review of past studies indicates extensive application of NFS
techniques. A wide range of survey papers on NFS are available that
mostly focus on classification of NFS and application areas. A brief
description of past studies is presented below.

Mitra and Hayashi [24] conducted an exhaustive survey on neuro-
fuzzy rule generation that explains different ways to integrate fuzzy
logic and neural networks for rule generation. The study classified NFS
based on the way fuzzy logic and neural networks integrated. Accord-
ingly, NFS are broadly categorized as (1) designing neural networks
guided by fuzzy logic formalism, (2) incorporating fuzziness into the
neural net framework, (3) changing the basic characteristics of the
neurons, (4) using measures of fuzziness as the error or instability of a
network, and (5) making the individual neurons fuzzy. In general, ca-
tegory 1 relates to FNN while the remaining categories 2–5 refer to NFS.

Veira et al. [25] presented a brief survey that classified NFS as co-
operative, concurrent, and hybrid. In cooperative NFS, there is a pre-
processing phase in which neural network mechanisms of learning
determine some sub-blocks of the fuzzy system, such as fuzzy sets and/
or fuzzy rules or the use of clustering algorithms to determine the rules.
The learning methods are then taken away to execute only the fuzzy
system. In concurrent NFS the neural network and the fuzzy system
work continuously together. In the hybrid NFS a neural network is used
to learn some parameters of the fuzzy system (parameters of the fuzzy
sets, fuzzy rules, and weights of the rules) in an iterative way. The
hybrid NFS were further divided as fuzzy adaptive learning control
network (FALCON), ANFIS, generalized approximate reasoning-based
intelligent control (GARIC), neural fuzzy controller (NEFCON), fuzzy
inference and neural network in fuzzy inference software (FINEST),
fuzzy net (FUN), self-constructing neural fuzzy inference network
(SONFIN), FNN, and dynamic evolving fuzzy neural network
(dmEfuNN).

Sahin et al. [23] conducted a survey of hybrid expert systems in-
cluding NFS. The study classified NFS based on their structure, algo-
rithm, application, and building/implementation tools. The application
areas addressed in the study included medical, education, finance, fault
diagnosis, and industrial applications.

Kar et al. [14] presented a review of the different applications of
NFS such as student modeling system, electrical and electronics system,
economic system, feature extraction and image processing, manu-
facturing, forecasting, medical system, and traffic control. The study
also outlined NFS methodology used (i.e., model architecture, learning
approaches), research domain within the application area, and article
type, namely simulation, classification, experimental, diagnosis, ana-
lytical, optimization, comparative study, case study, development, de-
monstrative, industrial context, assessment. They also provided a brief
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summary of works done that show advances made related to NFS in
successive years from 2002 to 2012.

Viharos and Kis [33] presented a detailed survey of neuro-fuzzy
applications in technical diagnostics and measurement. The major ap-
plication areas covered in the study included monitoring and super-
vision, fault diagnosis, adaptive filtering control, pattern identification,
system state modeling, variable estimation, variable change detection,
and damage classification. Furthermore, the study classified NFS based
on their architecture as ANFIS, FALCON, GARIC, NEFCON, SONFIN, or
dmEfuNN [33]. They provided a brief description of each NFS archi-
tecture as well as their advantages and drawbacks. The comparison
revealed that the ANFIS model is the most accurate architecture of the
six.

Rajab and Sharma [15] conducted a review of NFS applications in
business. Regardless of the NFS techniques used, the study presented
NFS applications in finance, marketing/distribution, human resource
management, production/operations, business planning, and informa-
tion systems. Among the past NFS studies reviewed in business, the
result showed that NFS are extensively used in production/operations
applications.

Shihabudheen and Pillai [21] presented a comprehensive survey on
recent advances in NFS. The study, which argued that there had not
been a detailed and integrated categorization of neuro-fuzzy models,
mainly focused on the classification of NFS based on learning algo-
rithm, fuzzy techniques, and structure. NFS were classified as gradient-,
hybrid learning-, population, extreme learning machine- (ELM), and
support vector machine- (SVM) based. Based on fuzzy techniques used,
NFS were classified as either type-1 or type-2 fuzzy techniques. Type-1
fuzzy techniques were further divided as either Mamdani or Takagi–-
Sugeno–Kang (TSK) fuzzy inference systems (FIS). General type-2 fuzzy
neural networks (T2FNN) and interval T2FNN are commonly used type-
2 fuzzy approaches. NFS were further classified based on their structure
as static and self-organizing FNNs. The study provided a detailed dis-
cussion on each of these NFS categories with their respective area of
applications in solving real-world problems.

According to Kar et al. [14] it is difficult to collect, study, and
classify the concerned articles since research work on NFS is distributed
over a wide domain. Despite the abundance of published articles fo-
cusing on NFS topics, there are only few studies in the construction
domain. Furthermore, studies dedicated to bibliometric or content
analysis have not been done in the construction domain. Therefore, this
paper specifically focuses on recent developments in and identification
and classification of NFS techniques used in construction, and it helps
address the lack of a systematic review and content analysis of litera-
ture on these topics.

2.2. Latest advances in neuro-fuzzy systems

The literature offers recent advances and a wide application of
various NFS techniques in different fields of application [15,21,34]. For
instance, Shihabudheen and Pillai [21] presented a comprehensive
survey that summarized the use of NFS for a wide range of classifica-
tion, regression, prediction, system modeling, and control applications.
Belvederesi and Thompson [34] studied applications of intelligent
systems for predicting the environmental impact of hazardous liquid
pipeline accidents. The result showed that the proposed ANFIS model is
capable of accurately predicting the outcome of environmental impact
such as soil contamination, water contamination, and adverse impact
on wildlife with 86%, 94%, and 97% accuracy, respectively [34].
Soares et al. [35] developed neuro-fuzzy adaptive control model for
response attenuation of cable-stayed bridge subjected to central US
earthquakes. The proposed neuro-fuzzy adaptive control assisted in
finding control solutions that are able to attenuate seismic induced
responses, while providing enough predictability and robustness in face
of parametric changes and the variability of earthquake loads. The
performances of the neuro-fuzzy adaptive control schemes are

compared to non-adaptive control where the neuro-fuzzy control dis-
plays improved performance [35]. An adaptive neuro-fuzzy approach
was used to determine wind farm efficiency, ensure maximum power
output, and estimate optimal power coefficient [36,37]. Petković et al.
[36] proposed an ANFIS model to estimate wind farm efficiency, cost,
cost per power unit, and power production in relation to the number of
turbines in the wind farm. Petković et al. [37] designed a novel in-
telligent controller based on ANFIS to maintain the maximal output
power of wind turbines. The ANFIS controller also enabled the im-
plementation of a maximum power tracking scheme for wind turbines
[37]. The simulation results in [36] and [37] showed that the proposed
control strategy is reliable and may be easy to implement in real time
applications using interfacing cards such as dSPACE and data acquisi-
tion cards to control various parameters.

Recent studies showed that combining conventional NFS with other
modeling techniques or optimization algorithms enables achieving an
improved performance of the resulting model. For instance, Golafshani
et al. [38] used ANN and ANFIS hybridized with the grey wolf opti-
mization (GWO) for predicting compressive strength of normal and
high-performance concrete. The study concluded that ANN and ANFIS
models optimized with grey wolf showed improved training/compu-
tational speed and generalization capability compared to conventional
ANN and ANFIS models [38]. Likewise, Dehghani et al. [39] developed
a hybrid model GWO-ANFIS that can predict hydropower generation.
The study showed that GWO improved the performance of ANFIS
considerably by effectively predicting hydropower generation. Najafi
et al. [40] developed multi-layer perceptron (MLP), radial basis func-
tion (RBF), and ANFIS models for estimating and optimizing the para-
meters that affect the yield and cost of biodiesel production. Based on
the results, RBF and ANFIS showed good performance in estimating and
optimizing the yield and cost of biodiesel production. Lima-Junior and
Carpinetti [41] combined ANFIS with the supply chain operations re-
ference (SCOR©) model for supply chain performance evaluation. The
proposed model demonstrated greater accuracy of prediction in terms
of mean square error between the target values and the values esti-
mated by each ANFIS model. In addition, results of the proposed ANFIS
presented the advantages of greater accuracy of prediction, learning
ability based on historical data, suitability to support decision making
under uncertainty, and better interpretability of results compared to
conventional models [41]. Shamshirband et al. [42] investigated two
support vector regression (SVR) techniques to predict wind turbine
reaction torque by applying polynomial and RBF as the kernel functions
of SVR. In this study [42], the RBF based SVR showed better prediction
of the wind turbine reaction torque than the polynomial based SVR.
Furthermore, the SVR approaches yielded improved prediction accu-
racy compared to the results obtained by ANN and ANFIS [42].

Siraj et al. [16] developed accurate concrete compressive strength
prediction models that represent the complex, non-linear relationship
between the constituent materials and concrete compressive strength.
Siraj and Fayek [43] address the lack of a systematic review and content
analysis of published articles related to risk identification and also
provide researchers and industry practitioners with data on the most
common risks affecting construction projects. The review presented by
Siraj and Fayek [43] is limited to the scope of risk identification in
construction. Raoufi et al. [44] present an overview of simulation
techniques used in construction, advancements made by integrating
simulation techniques and fuzzy logic, methodologies for developing
fuzzy simulation models, and a process for selecting a suitable tech-
nique for each aspect of construction. Gerami Seresht et al. [45] present
a detailed literature review of existing applications of fuzzy hybrid
techniques, such as fuzzy logic combined with optimization, machine
learning, multi-criteria decision making, and simulation, in the field of
construction. This study [45] also presents a literature review of NFS
systems along with other fuzzy hybrid techniques in the construction
domain; however, the study does not present synthesized content
analysis and recommendations to researchers in the specific area of NFS
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and their applicability in the construction domain.
The abundance of published articles demonstrates the robustness of

NFS as a powerful tool widely used in solving complex and non-linear
problems in various research disciplines. For instance, NFS is widely
used in finance and business disciplines for stock price or stock market
prediction [46], forecasting inflation [47], and credit risk forecasting/
analysis [48]. NFS are widely used in modeling production/operation
systems such as tool wear or machine condition prediction [49,50,51],
fault diagnosis [52,53], and process/system monitoring [54,55]. Like-
wise, a variety of applications in business/finance, information systems,
computer sciences, engineering, and medical research disciplines are
available in the literature.

2.3. Classification methods of NFS

Recently, researchers have been giving much emphasis to compu-
tational speed, accuracy, and complexity of design in applying soft
computing techniques for modeling, prediction, and control applica-
tions of dynamic non-linear systems [21]. There are many approaches
of NFS classification in literature. Shihabudheen and Pillai [21] used
learning algorithm, fuzzy approach (type-1 and type-2), and model
structure to classify NFS. Sahin et al. [23] incorporated application area
in addition to learning algorithm, fuzzy method, and model structure to
classify hybrid expert systems including NFS. Studies by Kar et al. [14]
and Viharos and Kis [33] used application areas as the major criteria to
classify NFS. On the other hand, many studies applied model archi-
tecture to classify NFS [15,21,23,25,33]. Some studies provide tabular
comparisons of NFS techniques to help guide researchers in choosing a
particular NFS technique [15,21,33]. However, most of the categor-
ization of NFS from past studies is limited, because they focus on a few
select specific criteria. Thus, based on the review of past survey studies
the classification criteria for NFS can be summarized as (1) NFS ar-
chitecture, (2) learning algorithm, (3) fuzzy method, and (4) applica-
tion area, as shown in Table 1. Such NFS classification can actually help
to explore suitability of a specific NFS to a given application area and to
investigate applicability of NFS in least explored and/or new unknown
areas. Therefore, the detailed and integrated classification approach of
NFS presented in Shihabudheen and Pillai [21] can be adopted for
categorizing NFS techniques in CEM researches.

2.3.1. Classification based on NFS architecture
Jin [19,26] presented three approaches of combining fuzzy systems

and ANN: (1) neuro-FISs, in which ANN is used as a tool in fuzzy
models; (2) fuzzy ANNs, in which conventional ANN models are fuz-
zified; and (3) fuzzy-neural hybrid systems, in which fuzzy technologies
and ANN are incorporated into hybrid systems [19,26]. These techni-
ques of combining fuzzy systems and ANNs result in three types of NFS
architectures: cooperative NFS, concurrent NFS, and hybrid NFS
[15,24,25].

i. Cooperative NFS. The ANN part is used initially for determining the
fuzzy sets and/or fuzzy rules where only the obtained fuzzy system is
executed afterwards.

ii. Concurrent NFS. The ANN works concurrently with the fuzzy system
providing input to the fuzzy system or changing fuzzy system output. In
general, the neural networks pre-process the inputs (or pre-process the
outputs) of the fuzzy system.

iii. Hybrid NFS. A fuzzy system employs a learning technique inspired
by the ANN technique in order to tune its parameters using pattern
processing.

Among the three types of NFS, in the literature a number of im-
plementations have been proposed for hybrid NFS, and it is being used
in a wide range of applications in solving real-world problems
[15,21,25,33]. Furthermore, hybrid NFS are classified based on their Ta
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architecture, as ANFIS, FALCON, GARIC, NEFCON, SONFIN, and
dmEfuNN [25,33]. The architectures, learning algorithms, and im-
plementation of these hybrid NFS are available in the literature [25,33].
ANFIS is a well-known neuro-fuzzy model that has been used in a lot of
applications and research domains [15,28]. Furthermore, a comparison
of NFS architectures revealed that ANFIS is the most accurate among
the presented architectures since it uses a TSK inference mechanism
[33]. However, the main drawback of ANFIS is that it is computation-
ally intensive and generates complex models for even relatively simple
problems [21,33].

2.3.2. Classification based on learning algorithm
NFS can be grouped in to five major categories based on their

learning algorithm, as gradient-, hybrid learning-, population-, ELM-,
and SVM-based NFS [21]. These categories are described below.

Gradient descent is based on the negative of the gradient of the
objective function to determine the optimum solution [21,56]. How-
ever, the major issue with gradient-based learning is trapping with local
minima and early convergence [21]. Different forms of gradient descent
such as backpropagation (BP), delta rule, and ordered derivative algo-
rithms are commonly used.

Hybrid learning-based NFS combines two or more learning techni-
ques, such as BP, clustering, least square method (LSM), or Kalman
filter (KF) to find the parameters, which is used to achieve stable and
fast convergence [21,56,57]. NFS that use hybrid learning help to avoid
the difficulties commonly faced while using a single learning technique,
such as BP, to train the parameters if the network structure and para-
meters become large. Hence, hybrid learning-based NFS improve ac-
curacy and convergence [21,57].

In various population-based NFS, evolutionary and stochastic al-
gorithms such as genetic algorithm (GA), particle swarm optimization
(PSO), artificial bee colony (ABC), ant colony optimization (ACO),
firefly algorithm (FA), ICA, moth-flame optimization (MFO), GWO, and
biogeography-based optimization (BBO) are widely used to deal with
the optimization problems for most of the NFS techniques
[7,20,27,32,39,56,58,59].

ELM randomly generate input to hidden layer connections (i.e.,
weights) where only the hidden to output layer weights are tuned
during training [21,57]. As a result, the daunting task of backward pass
of training, which involves calculation of error gradients, is avoided.
Therefore, ELMs learn faster than SVM [21,57]. ELM-based NFS tech-
niques have faster learning rates through the use of localized learning
linear model trees.

SVM-based NFS uses supervised learning to find support vector
points which guide the decision boundary, in contrast to other algo-
rithms that focus on minimizing the squared error [21,42,60,61,62].
SVM can produce more effective results through optimizing the dis-
tance between each data point and the hyperplane with repetitive
training [21,60,63]. SVM-based NFS is extremely effective in handling
non-linear and high-dimensional problems with a small sample size and
can produce fairly good results [42,63]. The major limitations with
SVM are the high algorithmic complexity and low speed of algorithm
training process [64]. SVM-based NFS are widely used in many appli-
cations across various research disciplines.

2.3.3. Classification based on fuzzy method
NFS can be classified into type-1 and type-2 according to the fuzzy

methods used [21]. Type-1 fuzzy systems have two main types, Mam-
dani and TSK. TSK is commonly referred to as Sugeno based on the
mathematical calculation of the inference [21,23,25,33]. In addition,
other logical type reasoning methods in which consequents and ante-
cedents are related by fuzzy implications are also used in the neuro-
fuzzy system [21]. Type-2 fuzzy systems can be further classified as
general type-2 (GT2) and interval type-2 (IT2) fuzzy systems. Type-2
fuzzy systems provide optimal solution compared to type-1 fuzzy sys-
tems when the parameters and operating conditions are uncertain [21].

Mamdani fuzzy inference systems are more intuitive and well suited
to creating rules where the antecedents and consequents are fuzzy sets
[21,25,33]. In TSK systems only the antecedents are fuzzy sets while the
consequents are functions of inputs that can be either zero- or first-
order. The consequent parameters are taken as constant in zero-order
TSK systems, while a first-order TSK uses a first-order linear equation in
the consequent part [21,22,25,33,57]. Mamdani type inference systems
are more interpretable because both the premises and consequents of
the rules are fuzzy sets while the TSK types are more accurate and
computationally efficient [21,22,33]. Most NFS are implemented using
TSK type fuzzy systems that focus on accuracy rather than interpret-
ability [21,22].

2.3.4. Classification based on application area
The literature indicates that NFS have been widely applied in

modeling and solving complex real-world problems in various business,
scientific, and engineering application areas [2,9,12,14,15,17,21]. Al-
though the majority of past studies focused on the use of NFS for a
specific problem within a given research discipline, some studies cate-
gorized NFS in application areas. For instance, Kar et al. [14] presented
a review of different NFS applications such as student modeling system,
electrical and electronics system, economic system, feature extraction
and image processing, manufacturing, forecasting, medical system, and
traffic control. Likewise, Shihabudheen and Pillai [21] presented a
survey of NFS applications for classification, regression, prediction,
system modeling, and control. The study by Viharos and Kis [33]
covered major application areas that include monitoring and super-
vision, fault diagnosis, adaptive filtering control, pattern identification,
system state modeling, variable estimation, variable change detection,
and damage classification. Sahin et al. [23] conducted a survey of NFS
in medical, education, finance, fault diagnosis, and industrial applica-
tions. Rajab and Sharma [15] conducted a review of NFS applications in
business areas such as finance, marketing/distribution, human resource
management, production/operations, business planning, and informa-
tion systems. The classification approaches presented in the above
studies do not have distinction among categories of application areas
given the interdisciplinary nature of application area categories pre-
sented. For example, finance, marketing, and business planning are
among the categories presented in Rajab and Sharma [15] that are
difficult to distinguish. Thus, classification of NFS based on application
area need to have a distinction among categories and/or application
area.

2.4. Summary of NFS classification

The previous section presented different classification approaches to
NFS such as NFS architecture, learning algorithm, fuzzy method, and
application area. The studies by Shihabudheen and Pillai [21] and
Sahin et al. [23] attempted to develop a detailed and integrated cate-
gorization of NFS that considered various classification criteria. Sahin
et al. [23] used learning algorithm, fuzzy method, model architecture,
and application area as bases for NFS classification. However, classifi-
cation adopted by Shihabudheen and Pillai [21] is more robust, de-
tailed, and integrated, and it is based on the NFS architecture, learning
algorithm, and fuzzy methods used.

A critical investigation of the level of detail used in the classification
approaches demonstrates that NFS classification based on architecture
can be considered a higher level compared to the other approaches. The
learning algorithm and fuzzy methods used are incorporated within a
given NFS architecture. NFS are multilayered feedforward adaptive
network structures whose overall output behavior is determined using
the value of a collection of modifiable parameters [3,16,19,22,26,33].
The number of layers depends on the type of NFS architecture. The
main feature of NFS is the ability to tune the modifiable parameters of
membership functions (MFs) in the antecedent and consequent layers
through the learning process (i.e., the learning algorithm) so that the
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system output better matches the training data [13,16,20]. For in-
stance, ANFIS is a widely used NFS architecture that can implement
various learning algorithms such as gradient-based [26,65], hybrid
learning-based [12,66], population-based [13,20], and/or ELM-based
[22,57] learning algorithms. Likewise, different fuzzy systems such as
type-1 (Mamadani or TSK) or type-2 can be used to model a given
problem in ANFIS or other NFS architectures. Furthermore, a given NFS
architecture can be applied in solving a wide range of real-world pro-
blems. Among the various approaches, classification based on learning
algorithm offers a better option for evaluating and making comparisons
of NFS to help guide researchers in selecting a suitable NFS for mod-
eling and solving a particular real-world problem [14,21,33]. For ex-
ample, Viharos and Kis [33] classified NFS based on their architecture,
and they used learning algorithm parameters such as convergence
speed, computational complexity, and accuracy to make comparison
among different NFS architectures. Likewise, Shihabudheen and Pillai
[21] used the learning algorithm to compare and contrast among var-
ious NFS architectures. Therefore, this paper uses the learning algo-
rithm to categorize NFS.

3. Methodology

The research methodology is a systematic review of literature and
detailed content analysis related to NFS techniques in CEM research.
The research methodology has three major stages: journal selection,
article selection, and content analysis.

3.1. Journal selection

In stage 1, highly ranked journals in the CEM research community
are selected. Databases such as the American Society of Civil Engineers
(ASCE) library, IEEE Xplore® digital library, the International Journal of
Project Management (IJPM) database, Elsevier, Emerald, Taylor &
Francis Online, Wiley Online Library, and Scopus have been used. The
selection of journals is based on purposive sampling of journals com-
monly used to conduct literature review, critical review, critical ana-
lysis, content analysis, and research trend analysis on CEM-related to-
pics [8,67,68,69]. The rationale for using multiple databases instead of
a generalized single search engine for journal selection (e.g., Scopus,
Web of Science, and PubMed) was to maximize the coverage of journal
articles on NFS in CEM research. Previous literature review and content
analysis studies used a generalized single search engine. According to
Darko and Chan [69], Scopus performs better than other search engines
such as PubMed, Web of Science, and Google Scholar in terms coverage.
However, the use of a single search engine results in fewer journal ar-
ticles on NFS related to CEM research. Performing content analysis
purely using a single search engine with relatively fewer journal articles
will not be adequate for generalizing findings. For instance, a single
search based on Wing's [70] ranking of journals resulted in only 52
articles relevant to studying the application of fuzzy techniques in CEM
research [8]. In Darko and Chan [69], a single search engine (Scopus)
resulted in only 61 relevant articles for critical analysis on green
building research in construction journals. In addition to a generalized
single search engine using Scopus, a specific search into the individual
target journal websites was found to be effective for maximizing cov-
erage of total articles [67,69]. CiteScore and impact factor are com-
monly used metrics to rate quality of journals. CiteScore is calculated
based on three years of Scopus data, while impact factor is determined
using two years of Web of Science data. Thus, the 2018 Scopus journal
metrics (CiteScore) are referred to when choosing the journals. Cite-
Score is preferred over impact factor, since Scopus is the most widely
used generalized single search, and it is also used for this paper in
addition to the target journal databases for journal selection in stage 1.
Furthermore, reference has been made to Wing's [70] ranking of con-
struction management journals when choosing the journals. Wing's [70]
ranking is a widely accepted journal ranking in the construction domain

for selecting relevant articles for literature review and content analysis
in CEM research [67,69]. Journals that have published at least two
papers related to NFS from 2000 to 2019 (inclusive of early 2020
publications) and that have a CiteScore of 1.1 or more were chosen for
this study. As a result, the following top-tier journals were selected:
Institute of Electrical and Electronics Engineers (IEEE) Transactions on
Power Systems (IEEE TPS), IEEE Transactions on Systems, Man, and Cy-
bernetics (IEEE TSMC), Expert Systems with Applications (ESA), Automa-
tion in Construction (AC), Journal of Construction Engineering and Man-
agement (JCEM), Journal of Computing in Civil Engineering (JCCE),
Journal of Building Engineering (JBE), International Journal of Advanced
Manufacturing Technology (IJAMT), Journal of Materials in Civil En-
gineering (JMCE), Journal of Civil Engineering and Management (JCiEM),
and Canadian Journal of Civil Engineering (CJCE). In addition, Journal of
Transportation Engineering (JTE) has been considered, since construction
and management of infrastructure projects such as highways and rail-
ways is a subset of CEM, although it does not have a Scopus CiteScore.
However, most of the studies focusing on application of NFS—including
those published earliest—are from disciplines other than CEM. There-
fore, journals outside the construction domain are also considered for
selection. In addition, conference proceedings that focus on NFS are
included in order to supplement the few studies available on NFS
techniques in the CEM domain.

3.2. Article selection

In stage 2, the search for relevant articles is conducted using the
title, abstract, and keywords (T/A/K) field of the database sources
noted above. The articles relevant to the study are selected using ap-
propriate search terms, such as ANFIS, neuro-fuzzy, neuro-fuzzy systems,
hybrid neuro-fuzzy systems, and neuro-fuzzy inference systems, which are
terms well known in research related to NFS. Articles are selected based
on the following criteria: (1) the article should be specifically related to
NFS; (2) the article should mention, discuss, or list NFS techniques in
general and focusing on CEM application domain in particular; and (3)
the article should use a specific classification and categorization tech-
nique of NFS. As a result, 332 articles focusing on NFS studies were
initially identified. The 332 articles were considered to have met the
initial requirement for further analysis since the search terms appeared
either in the titles, abstracts, or keywords. Because of widespread use of
the search terms in general CEM research, the abstracts of all 332 ar-
ticles were used to filter out papers not relevant to this literature review
[8,67,68,69]. Therefore, articles that mentioned any of the search terms
in their titles, abstracts, or keywords but did not focus on topics related
NFS were excluded. Thus, the number of articles was reduced to 116 as
shown in Table 2. The profile of the selected articles in each journal
showed that 62 (53.45%) articles among the 116 were selected from 12
journals. However, only 31 (26.72%) articles from journals in the
construction domain were relevant to the topic of NFS in CEM research.
Given the multidisciplinary nature of CEM applications and functions,
37 journal articles and 17 conference papers were also considered for
the content analysis based on the article selection criteria and because
of their relevance to the objectives. To maximize the total number of
articles selected for the content analysis, highly reputed peer-reviewed
conference proceeding articles such as American Society of Civil En-
gineers (ASCE) and IEEE were also incorporated for the content ana-
lysis. Of the 17 (14.66%) conference proceeding papers, the majority
(15, or 12.93%) were from two highly regarded conference proceed-
ings, 5 (4.31%) were from ASCE, and 10 (8.62%) were from IEEE. Thus,
the inclusion of these conference proceeding papers improved the
coverage of NFS in a wide range of CEM research.

3.3. Content analysis

The analysis in stage 2 was conducted to identify relevant articles
that focused on NFS techniques for content analysis and filter out
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articles irrelevant to this review. Content analysis was adopted because
it is a robust technique for collecting and organizing information in
order to (1) examine trends and patterns and (2) determine major facets
of and valid inferences from analyzed documents [8,43]. Content ana-
lysis can be qualitative or quantitative. Qualitative content analysis
focuses on grouping data into categories based on subjective inter-
pretation of the contents (i.e., interpreting the theme, pattern, and/or
trend of the content). Quantitative content analysis determines the
numerical values of categorized data (i.e., frequencies, ratings, and
rankings) by counting the number of times a topic is mentioned [8,43].
In this paper, a combination of qualitative and quantitative content
analyses was adopted in order to (1) profile the selected articles based
on type of journal and year of publication, (2) review NFS techniques
and their classification in general, (3) characterize CEM research pro-
blems for which various NFS were applied, (4) examine NFS considered
for solving problems in CEM research, and (5) systematically identify
and categorize the NFS techniques most commonly used in CEM re-
search. The combination of both qualitative and quantitative content
analysis provides a better result by taking advantage of the strengths of
each approach. Thus, the approach adopted for this study helps to
generalize results of inferences made from numerical values (e.g., fre-
quency, ratings, and rankings) and subjective interpretation of contents
that help to gain in-depth insight on a given topic. As a result, a cri-
terion was developed to classify NFS for CEM domain that can be used
for future studies in selecting particular NFS techniques for a given real-
world CEM problems, as presented in the Results and discussion section
of this paper.

CEM applications can be categorized using different approaches
such as knowledge area, process group, and application area [8,71,72].
The Project Management Institute (PMI)'s [72] Guide to the Project
Management Body of Knowledge (PMBOK) classifies CEM functions
into 10 project management knowledge areas (integration, scope, cost,

quality, schedule, risk, resource, communication, procurement, and
stakeholder management). In addition, PMI [73] developed construc-
tion extension PMBOK that consists of four knowledge areas (safety,
environmental, financial, and claim management) in addition to the
PMBOK's 10 knowledge areas. The knowledge areas can be further
grouped in terms of initiation, planning, execution, controlling, and
closing process groups [72,73]. CEM is a multidisciplinary function that
can be categorized into applications that crosscut knowledge areas such
as decision making, prediction, and optimization [8,71]. Accordingly,
based on the detailed content analysis, CEM applications in the selected
articles can be grouped into six application categories: (1) decision
making, (2) prediction/forecasting, (3) evaluation/assessment, (4)
system modeling and analysis, (5) simulation, and (6) optimization. The
classification of CEM applications is based on content analysis,
grouping these applications into related headings (i.e., title, abstract,
and keywords) using the content analysis technique [8,67,69]. Fur-
thermore, the adopted classification approach of CEM application en-
ables capturing CEM research problems/applications irrespective of the
knowledge area. For instance, decision making is one of the most cri-
tical applications that cuts across CEM knowledge areas and/or process
groups. For example, decision-making CEM problems and/or applica-
tions involve analysis, prioritization, and optimization of cost, quality,
risk management knowledge areas, and/or initiation, execution, and
controlling process groups. Thus, the six CEM application categories
help to generalize the results in a comprehensive yet concise manner
encompassing a wide range of knowledge areas and/or process groups
under one CEM application category.

The six major categories of CEM applications are further grouped
under five NFS techniques as shown in Table 3. This grouping helps
illustrate the applicability of a particular NFS technique to a given CEM
application. The five NFS techniques are categorized based on the
learning principle/algorithm as gradient-based, hybrid learning-based,
population-based, ELM-based, and SVM-based NFS. Grouping is based
on learning criteria instead of NFS architecture or other classification
criteria discussed in the literature review under the Summary of NFS
classification section. A learning algorithm approach is adopted for
grouping NFS under CEM application because (1) it offers a more sui-
table option for evaluating and making comparison of NFS compared to
other classification approaches, and (2) two or more learning algo-
rithms can be implemented in a given NFS architecture (e.g., ANFIS)
depending on the research problem. The availability and use of NFS
techniques in diverse applications in different research domains makes
it difficult to evaluate their performance using the same criteria
[15,21]. In terms of NFS architecture, ANFIS is commonly used in
various disciplines other than construction. However, an ANFIS archi-
tecture can incorporate either gradient-, hybrid learning-, and/or po-
pulation-based algorithms. As a result, the model performance of ANFIS
varies depending on which learning algorithm the model uses. For ex-
ample, ANFIS using hybrid learning algorithm have a better model
performance compared to gradient-based learning algorithms. How-
ever, the use of learning algorithm to classify NFS ensures in comparing
model performances using a common criterion which is difficult to
implement either NFS architecture or fuzzy method. The summary of

Table 2
Profile of the selected articles published in each journal.

Journal No. of articles % of articles

Automation in Construction 6 5.17
Canadian Journal of Civil Engineering 2 1.72
Expert Systems with Applications 20 17.24
IEEE Transactions on Power Systems 2 1.72
IEEE Transactions on Systems, Man, And

Cybernetics
2 1.72

International Journal of Advanced Manufacturing
Technology

2 1.72

Journal of Building Engineering 5 4.31
Journal of Computing in Civil Engineering 8 6.90
Journal of Construction Engineering and

Management
7 6.03

Journal of Civil Engineering and Management 3 2.59
Journal of Materials in Civil Engineering 3 2.59
Journal of Transportation Engineering 2 1.72
Other journal articles 37 31.90
Conference proceeding papers 17 14.66
Total 116 100

Table 3
Summary of the content analysis on applications of NFS techniques in CEM research.

NFS techniques Decision making Prediction/forecasting Evaluation/assessment System modeling and analysis Simulation Optimization Total

Gradient-based NFS 5 14 8 4 1 2 34
Hybrid learning-based NFS 7 23 10 7 2 1 50
Population-based NFS 4 11 2 1 2 2 22
ELM-based NFSa – 1 – 2 – – 3
SVM-based NFSb – 4 1 1 1 – 7
Total 16 53 21 15 6 5 116

a Extreme learning machine.
b Support vector machine.
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the content analysis results, depicted in Table 3, shows the mapping of
NFS techniques and CEM applications. According to the content ana-
lysis results of the 116 articles, 16 articles can be classified under
“decision making,” 53 articles under “prediction/forecasting,” 21 arti-
cles under “evaluation/assessment,” 15 articles under “system mod-
eling and analysis,” 6 articles under “simulation,” and 5 articles under
“optimization.” The summary further revealed that the majority of the
116 articles focus on NFS techniques for prediction/estimation pro-
blems and assessment/evaluation compared to other major CEM ap-
plication area categories. In addition, the hybrid learning-, gradient-,
and population-based NFS techniques are widely used for solving CEM
problems. The use of ELM- and SVM-based NFS is very low compared to
the other three techniques. The following sections present detailed
discussion of the content analysis results.

4. Results and discussion

The following detailed discussion of the content analysis adheres to
the classification of NFS techniques based on learning algorithm: gra-
dient, hybrid learning, population, ELM, or SVM.

4.1. Gradient-based NFS techniques in CEM research

NFS techniques that use gradient descent are widely used in CEM
researches. For instance, 34 (29.31%) of the 116 articles selected for the
content analysis used gradient-based NFS for various CEM applications,
of which 14.71% are on decision making, 41.18% on prediction/fore-
casting, 23.53% on evaluation/assessment, 11.76% on system modeling
and analysis, 2.94% on simulation, and 5.88% on optimization.
Gradient-based NFS is an iterative process for selecting the direction of
optimized objective function changes (steepest descent) to determine
the optimum solution, which is usually the minimum of objective
function. As a result, CEM applications such as minimizing problems
(e.g., risk, cost, schedule) and maximizing problems (e.g., quality,
profit, annual turnover) can benefit from gradient-based NFS. The most
common gradient methods used in the selected articles for the content
analysis include BP [19,21,26,29,56,65,74,75], LSM [21,56], delta rule
[21,56,76,77], and the Levenberg–Marquardt method [56,65,78,79].
NFS techniques use gradient descent learning to tune parameters.
Table 4 presents articles that address gradient-based NFS techniques in
CEM research. The application of gradient-based NFS in CEM for dif-
ferent domains is discussed below.

4.1.1. Gradient-based NFS for decision making
Decision making in a multi-criteria environment is largely depen-

dent upon the uncertainty inherent in the nature of construction pro-
jects; subjective judgment of decision makers is one critical function of
CEM [19,26,29]. Gradient-based NFS techniques are useful for cap-
turing complex and dynamic relationships in order to help decision
makers arrive at an optimum alternative. For instance, decision making
in an uncertain environment for risk management is common in CEM
practical problems [19,26,76].

Jin [19,26] applied the most commonly used NFS, adaptive neuro-
fuzzy inference system (ANFIS) for the decision-making process of ef-
ficient risk allocation for PPP infrastructure projects [19] and privately
financed public infrastructure projects [26]. Peña et al. [76] used in-
tegrated inverse adaptive neural fuzzy system with a Monte-Carlo
structure (IIANFSM) with a delta rule learning algorithm for decision
making in operational risk management. In addition, NFS have been
used for decision support in ranking of applicants or construction pro-
fessionals for job placement [29,80]. For instance, Rashidi et al. [29]
used ANFIS and neuro-fuzzy genetic system for decision making to se-
lect construction project managers in line with project conditions and
company priorities. Doctor et al. [80] developed gradient-based neuro-
fuzzy inference system for decision support in applicant ranking.

4.1.2. Gradient-based NFS for prediction/forecasting
Gradient-based NFS techniques are widely used for prediction/

forecasting of CEM problems such as prediction of construction cost,
concrete strength prediction, cost estimation, and performance pre-
diction [2,58]. Kim et al. [58] developed a neuro-fuzzy cost estimation
model based on 530 cases for residential buildings in which GA was
applied for optimizing BP algorithm parameters. Such an approach has
more accurate results than a trial-and-error BP algorithm [58]. Georgy
et al. [2] utilized neuro-fuzzy intelligent systems for estimating or
predicting engineering performance in a construction project.

Predicting compressive strength is another arena for using NFS
[16,32,83,103]. Tayfur et al. [83] used fuzzy logic (FL) and ANN for
strength prediction of high-strength concrete (HSC). FL can accurately
predict the compressive strengths of HSC with silica fume. The per-
formance of FL is comparable to that of ANN [83].

4.1.3. Gradient based NFS for evaluation/assessment
Gradient-based NFS techniques are also proved to be useful for

structural damage, condition, and safety evaluation and/or assessment
[89,90,92,94]. Hu and Hu [92] developed an FNN to improve the ef-
fectiveness of cracking condition assessment for reinforced concrete
(RC) bridges for both flexural cracking and shear cracking. Although
the model is verified using statistical crack samples from several RC
bridges, the reliability of the system depends on the distribution of
training samples. The study further recommends using a larger number
of samples with various cracking conditions in order to improve the
performance of the FNN model [92].

4.1.4. Gradient-based NFS for system modeling and analysis
The use of gradient-based NFS techniques for modeling is limited in

the selected articles. Kalbande et al. [98] developed a neuro-fuzzy ap-
proach for toll collection system modeling.

4.1.5. Gradient-based NFS applications for simulation
Gradient-based NFS techniques are applied for simulation modeling

of various real-world problems. For instance, Utomo et al. [104] de-
veloped an ANFIS-based intelligent traffic light control system for in-
tersections by conducting simulations and case studies at two locations.
Hawas [18] conducted a simulation study using neuro-fuzzy ap-
proaches for development and calibration of route choice utility models
that account for differences in perception of travelers with respect to
traffic measurements such as speed, queuing, and travel time.

4.1.6. Gradient-based NFS for optimization
Gradient-based NFS techniques have been gaining momentum for

use in optimization problems to generate programs and budgets con-
sistent with their performance goals and financial constraints. For in-
stance, Lam et al. [77] developed FNN with generalized delta rule al-
gorithm for multi-project cash flow optimization. Christodoulou [102]
used neuro-fuzzy systems and integrated multidimensional risk analysis
for bid markup optimization.

4.2. Hybrid learning-based NFS applications in CEM research

Hybrid learning-based NFS use a combination of different learning
algorithms such as BP and LSM, and clustering algorithm [10,21,26].
Fifty (43.10%) of the 116 articles selected for the content analysis used
hybrid learning-based NFS for various CEM applications, of which 14%
are on decision making, 46% on prediction/forecasting, 20% on eva-
luation/assessment, 14% on system modeling and analysis, 4% on si-
mulation, and 2% on optimization. Hybrid learning uses a gradient
descent-based BP algorithm and a LSM to optimize the antecedent and
consequent parameters, respectively [3,19,21]. In forward computa-
tion, consequent parameters are identified by LSM, and premise para-
meters are adjusted in backward computation using BP algorithm
[3,19,21,26,31,105]. According to Atsalakis et al. [10], hybrid learning
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algorithm is a very powerful, computationally efficient tool to handle
imprecision and nonlinearity. Furthermore, hybrid learning-based NFS
are the most highly used in CEM research compared to other techniques
of NFS as shown in Table 3. Table 5 presents articles addressing hybrid
learning-based NFS in CEM research.

4.2.1. Hybrid learning-based NFS for decision making
Hybrid learning-based NFS techniques, especially ANFIS, are ap-

plied for multi-criteria decision making (MCDM) in CEM researches
[30,109,110]. Polat et al. [110] developed ANFIS-based bid/no bid
decision model utilizing six independent variables and dependent
variable coded in a binary form as “1 = Bid” and “0 = No Bid.” The
ANFIS model uses hybrid learning that combines BP and LSM for
training and tuning its parameters. The authors used a case study to
validate the model and illustrate the ANFIS model during the bidding
process. The case study findings revealed that the performance of the
proposed bid/no bid model was satisfactory and that this approach can
be adopted by contractors [110]. ANFIS has been used in multi-criteria
decision making for supplier evaluation and selection [108,109].
Shahhosseini and Sebt [30] used ANFIS for selecting human resource
for construction projects.

Ćirović and Pamučar [106] developed fuzzy c-means (FCM)-based
ANFIS to be used as a decision support for prioritizing to secure railway
level crossings as a way to reduce the number of traffic accidents. The

training data for ANFIS were obtained from 20 experts in road and rail
traffic safety at railway level crossings using multi-criteria decision
making and fuzzy clustering. The result of the ANFIS model showed a
higher accuracy compared to the decisions of experts (i.e., expert
knowledge) for prioritizing which railway level crossings receive an
investment of safety equipment without using complex statistical and
mathematical models [106].

4.2.2. Hybrid learning-based NFS for predicting/forecasting
NFS techniques with hybrid learning algorithms are extensively

used for predicting/forecasting purposes. Yu and Skibniewski [121]
developed an adaptive neuro-fuzzy model for cost estimation in re-
sidential construction projects. Such a model is the integration of the
ratio estimation method with the adaptive neuro-fuzzy method to ob-
tain mining assessment knowledge that is not available in traditional
approaches. Siraj et al. [16] developed three AI-based compressive
strength predictive models (ANN, FIS, and ANFIS) for high-performance
concrete. Comparisons among the AI models found that performances
of ANFIS and ANN models were similar, and they were better than
performance of FIS models. The study recommended using ANFIS
models for better interpretability [16]. Other applications of hybrid
learning-based NFS techniques for prediction/forecasting include fore-
cast building energy consumption [114], predicting peak pressure load
of concrete pipes [115], machine remaining life prediction [51], and

Table 4
Gradient-based NFS techniques in CEM research.

No. CEM application category NFS technique Journal Author(s) CEM application

1 Decision making ANFIS JCEM Jin [26] Forecast efficient risk allocation strategies for PPP infrastructure
projects

2 Decision making ANFIS, NGS JCEM Rashidi et al. [29] Selection of construction project managers
3 Decision making IIANFSM ESA Peña et al. [76] Operational risk management
4 Decision making NFDSS JCCE Jin [19] Forecast efficient risk allocation strategies for private financed

public infrastructure projects
5 Decision making NFAA FUZZ-IEEE Doctor et al. [80] Decision support in applicant ranking
6 Prediction/forecasting ANFIS JCEM Bayram and Al-Jibouri [65] Forecasting building projects' costs
7 Prediction/forecasting ARMA and ANFIS IEEE IJCNN Marwala and Twala [81] Electricity consumption forecasting
8 Prediction/forecasting ANN JCEM Wilmot and Mei [74] Forecasting highway construction costs
9 Prediction/forecasting ANN, FL JBE Tavares et al. [82] Service life prediction of external thermal insulation composite

systems
10 Prediction/forecasting CANFIS ICRIIS Chiroma et al. [78] WTI price prediction of crude oil
11 Prediction/forecasting ANN, FL JMCE Tayfur et al. [83] Predicting HSC (high-strength concrete) strength
12 Prediction/forecasting FNN JCEM Georgy et al. [2] Prediction of engineering performance
13 Prediction/forecasting FNN IEEE TPS Amjady [84] Price forecasting of electricity markets
14 Prediction/forecasting LLNFM IEEE TFS Zhao et al. [85] Non-linear dynamic modeling, prediction of concrete compressive

strength
15 Prediction/forecasting MLPNN IJPM Chaphalkar et al. [79] Predicting construction dispute claim outcomes
16 Prediction/forecasting ANN, CBR BE Kim et al. [73] Construction cost estimation
17 Prediction/forecasting NFIS IJCEACIE Marza et al. [86] Development time estimation
18 Prediction/forecasting NFIS IJAMT Fazlollahtabar and Mahdavi-Amiri

[87]
Estimating cost in a flexible job shop

19 Prediction/forecasting NFIS and FLR SAJE Azadeh et al. [88] House price estimation
20 Evaluation/assessment ANFIS NTE Kumar and Taheri [89] Pipeline condition (damage) assessment
21 Evaluation/assessment ANN, FL JCCE Chae and Abraham [90] Sanitary pipeline condition assessment
22 Evaluation/assessment ANN, FL JPCF Zangenehmadar and Moselhi [91] Pipeline remaining life assessment
23 Evaluation/assessment FNN ASCE ICCTP Hu and Hu [92] Crack assessment of RC bridges
24 Evaluation/assessment NFM and GD CSR Castellano et al. [93] Knowledge discovery/extraction from data
25 Evaluation/assessment NFS AC Sinha and Fieguth [94] Classification of pipe defects
26 Evaluation/assessment RBF-NFS ICFME Khatibi et al. [95] Risk scenario planning in project management
27 Evaluation/assessment VaFALCON AC Yu and Lin [96] Mining of incomplete construction databases
28 System modeling and

analysis
ANFIS JBE Faizollahzadeh Ardabili et al. [97] Analyzing HVAC system

29 System modeling and
analysis

NF algorithm IJACSA Kalbande et al. [98] Toll collection

30 System modeling and
analysis

NFIS and mixed ILP ESA Gumus et al. [99] Supply chain network design

31 System modeling and
analysis

RBF JBE Faizollahzadeh Ardabili et al. [100] Modeling HVAC controller

32 Simulation FIS, ANN JBE Ahn and Cho [101] Energy efficiency control (modeling and simulation)
33 Optimization FNN CJCE Lam et al. [77] Multi-project cash flow optimization
34 Optimization NFS, IMRA JCCE Christodoulou [102] Bid markup optimization
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wind speed profile estimation for a wind farm project [124]. Hsiao et al.
[141] built a neuro-fuzzy cost estimation model optimized by GA. Such
a model has better accuracy than the conventional cost method by
approximately 20% based on 54 case studies of semiconductor hookup
construction. Tesfamariam and Najjaran [103] used ANFIS to estimate
concrete strength using mix design.

4.2.3. Hybrid learning-based NFS for evaluation/assessment
Hybrid learning-based NFS such as ANFIS can be applied for effi-

cient evaluation or assessment of practical problems for optimum so-
lutions. For instance, Chen et al. [12] established a structural safety

evaluation system based on ANFIS for tunnels. The effectiveness of the
system was validated with training data and a case study. The results
show outputs of the system coincided with the expert evaluated results
and that the system can accurately and quickly simulate the non-linear
inference process evaluated by an expert [12]. A hybrid learning-based
ANFIS can be used for production/manufacturing system evaluation
and monitoring [55], supply chain assessment [131], business strategic
planning [130], and customer satisfaction [132,133]. In addition, Chen
et al. [52] developed a-priori knowledge-based ANFIS for wind turbine
pitch faults prognosis.

Table 5
Hybrid learning-based NFS techniques in CEM research.

No. CEM application category NFS technique Journal Author(s) CEM application

1 Decision making ANFIS ESA Ćirović and Pamučar [106] Decision support for prioritizing railway level crossings
2 Decision making; evaluation/

assessment
ANFIS ESA Güneri et al. [107] MCDM (supplier selection)

3 Decision making; evaluation/
assessment

ANFIS-ANN ESA Tavana et al. [108] Predicting supplier evaluation and selection

4 Decision making; evaluation/
assessment

ANFIS ASC Özkan and Inal [109] MCDM (multi-criteria decision making for supplier
evaluation and selection)

5 Decision making; modeling ANFIS ASCE CRC Polat et al. [110] Modeling bid/no bid decision
6 Decision making; evaluation/

assessment
ANFIS SI Shahhosseini and Sebt [30] Selecting HR for construction projects

7 Decision making NFIS IEEE IEEM Wang and Chiu [111] Demand variability prediction
8 Prediction/forecasting ANFIS JCEM Marzouk and Amin [112] Predicting construction materials prices
9 Prediction/forecasting ANFIS JMCE Tesfamariam and Najjaran [103] Predicting concrete compressive strength

10 Prediction/forecasting ANFIS ESA Cárdenas et al. [113] Load forecasting for electricity consumption
11 Prediction/forecasting ANFIS ESA Bektas Ekici and Aksoy [114] Forecast building energy consumption
12 Prediction/forecasting ANFIS ESA Emiroğlu et al. [115] Predicting peak pressure load of concrete pipes
13 Prediction/forecasting ANFIS ASCE CCE Santamaria et al. [116] Estimating concrete mixture proportions (mix design)
14 Prediction/forecasting ANFIS E Zahedi et al. [117] Electricity demand estimation in Canada
15 Prediction/forecasting ANFIS IEEE ISIISA Behrouznia et al. [118] Manufacturing lead time prediction
16 Prediction/forecasting ANFIS IJCEE Bazmi et al. [119] Electricity demand estimation
17 Prediction/forecasting ANFIS MSSP C. Chen et al. [51] Machine remaining life prediction
18 Prediction/forecasting ANFIS, PNN CJCE Islam et al. [120] Bus service quality prediction
19 Prediction/forecasting ANFIS, PIREM JCCE Yu and Skibniewski [121] Estimating cost through mining historical cost data

(knowledge base cost estimation)
20 Prediction/forecasting ANFIS, PIREM CME Yu [122] Conceptual cost estimation
21 Prediction/forecasting ANFIS-GP and ANFIS-

SC
AC Gerek [123] House price estimation

22 Prediction/forecasting ANFIS, NFS AE Mohandes et al. [124] Wind speed profile estimation (wind farm)
23 Prediction/forecasting ANFIS and GMDH PPSDC Naderpour and Mirrashid [28] Predicting concrete beam-column join shear capacity
24 Prediction/forecasting AR-ANFIS ESA Leung et al. [125] Predicting e-commerce order arrival
25 Prediction/forecasting ANN, FIS, ANFIS IJSCER Siraj et al. [16] Predicting HSC (high-strength concrete) compressive

strength
26 Prediction/forecasting MLP, RBF, GRNN and

ANFIS,
ESA Nakai et al. [126] Estimation of tool wear

27 Prediction/forecasting MRA, NFM IJAMT Azmi et al. [49] Tool wear prediction
28 Prediction/forecasting NFIS SC Huang et al. [127] Software effort estimation
29 Prediction/forecasting NFIS GJCST Du et al. [128] Software effort estimation
30 Prediction/forecasting WNF ECM Catalão et al. [129] Short-term electricity price forecasting
31 Evaluation/assessment ANFIS ESA Moayer and Bahri [130] Business strategic planning
32 Evaluation/assessment ANFIS JAE Chen et al. [12] Tunnel structural safety evaluation
33 Evaluation/assessment ANFIS IEEE IEEM Didehkhani et al. [131] Supply chain assessment
34 Evaluation/assessment ANFIS NCA Nazari-Shirkouhi et al. [132] Customer satisfaction
35 Evaluation/assessment ANFIS and HOPF IEEE TIE Chen et al. [50] Machine condition control
36 Evaluation/assessment APK-ANFIS ESA Chen et al. [52] Wind turbine pitch faults prognosis
37 Evaluation/assessment NFIS ESA Kwong et al. [133] Modeling customer satisfaction
38 Evaluation/assessment NFIS STSSE Holimchayachotikul et al. [134] Supply chain evaluation (collaborative

performance prediction)
39 Evaluation/assessment NFHS CS Kawamura and Miyamoto [135] RC bridge condition state evaluation
40 Evaluation/assessment Temporal NFS IJCSI Mahdaoui et al. [53] Manufacturing system monitoring
41 Evaluation/assessment WANFIS ESA Zhu et al. [136] Structural damage identification
42 System modeling and analysis ANFIS ESA Alizadeh et al. [137] Input selection
43 System modeling and analysis ANFIS CJCE Reza et al. [66] Calibration for PARAMICS microscopic traffic
44 System modeling and analysis ANFIS ASCE MDCMTP Gopalakrishnan and Ceylan [3] Airport pavement structural analysis
45 System modeling and analysis ANFIS, B-spline AMN JCCE Sayed et al. [138] Freight mode choice modeling
46 System modeling and analysis FNN IEEE TSC Ouyang et al. [139] System modeling
47 System modeling and analysis NFM JTE Adeli and Jiang [6] Freeway work zone capacity estimation
48 Simulation ANFIS ASCE ES Utomo et al. [104] Route choice utility development and calibration
49 Simulation NF approach JTE Hawas [18] Traffic light control system
50 Optimization ANFIS, RBF, MLP ESA Azadeh et al. [140] Performance optimization engineering and lean

production principles
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4.2.4. Hybrid learning-based NFS for system modeling and analysis
Gopalakrishnan and Ceylan [3] developed ANFIS-based models for

the backcalculation of airport flexible pavement layer moduli. The
developed neuro-fuzzy backcalculation methodology was evaluated
using hypothetical data as well as extensive non-destructive field de-
flection data acquired from a state-of-the-art, full-scale airport pave-
ment test facility [3]. The result showed that the neuro-fuzzy metho-
dology succeeded in capturing the effect of simulated aircraft gear
trafficking on backcalculation non-linear moduli compared to finite
element- (FE) based pavement modeling solutions [3]. In addition,
hybrid learning-based NFS were applied in modeling the operation of a
system in a wide range of applications such as construction, fabrication,
manufacturing, and power systems [139]. Ouyang et al. [139] devel-
oped FNN using merger-based fuzzy clustering that avoids redundant
clusters to automatically generate fuzzy rule base from input-output
training data. Merger-based fuzzy clustering enables the model to run
faster with low approximation error for various system modeling pro-
blems [139]. Alizadeh et al. [137] used ANFIS to study input selection
algorithms for data-driven NFS modeling efforts. Five widely used input
selection algorithms have been compared based on their complexity,
noise-handling capability, accuracy, and robustness [137]. The study
identified advantages and disadvantages of input selection algorithms
that help researchers choose among them depending on the context of
the practical problem for NFS modeling. Furthermore, appropriate
input selection and number of rules affect the performance of NFS
models such as ANFIS [66]. Reza et al. [66] proposed an ANFIS-based
approach for calibration and validation of parallel microscopic simu-
lation (PARAMICS) for advanced traffic management system. They used
the developed ANFIS to search the values of calibration parameters for
the input that minimized the relative error between observed measures
of traffic management effectiveness (e.g., queue length) and PARAMICS
model output. Adeli and Jiang [6] used an adaptive neuro-fuzzy logic
model for freeway work zone capacity incorporating 17 factors im-
pacting said capacity. In general, the proposed model provided a more
accurate estimate of the work zone capacity compared to empirical
equations, especially when the data for factors impacting work zone
capacity are only partially available [6].

4.2.5. Hybrid learning-based NFS for optimization
Azadeh et al. [140] proposed an adaptive intelligent flexible algo-

rithm composed of ANFIS, RBF, and MLP for performance assessment

and optimization of a pipe manufacturing factory. The adaptive in-
telligent flexible algorithm used in the NFS model also analyzed sta-
tistically how engineering and lean production factors affect perfor-
mance during the learning phase by eliminating input factors and
measuring performance efficiency. They identified factors that result in
higher performance efficiency and optimization of production/manu-
facturing process and systems for further performance improvement
[140].

4.3. Population-based NFS applications in CEM research

Population-based NFS use different evolutionary and stochastic al-
gorithms to optimize and tune model parameters. Twenty-two
(18.97%) of the 116 articles selected for the content analysis used po-
pulation-based NFS for various CEM applications, of which 18.18% are
on decision making, 50% on prediction/forecasting, 9.09% on evalua-
tion/assessment, 4.55% on system modeling and analysis, 9.09% on
simulation, and 9.09% on optimization. Population-based algorithms
are heuristic methods that process a population of solutions in order to
effectively search a given space and taking into account the range of
parameters being searched [21,56]. The population-based algorithms
identified in the selected articles for the content analysis include GA
[1,7,17,142,143,144,145], PSO [146,151,152], ACO [147], ABC [59],
cuckoo search (CS) [148,149], and ICA [32]. The content analysis
further revealed that GA is the most commonly used population-based
NFS for solving real-world CEM problems. Table 6 presents papers
addressing population-based NFS in CEM research.

4.3.1. Population-based NFS for decision making
Pamučar et al. [59] used ANFIS with ABC optimization for decision

making related to cost and risk aggregation in multi-objective route
planning. Setlak [142] developed an intelligent decision support system
(IDSS) of NFS integrated with GA optimization. Tozan and Vayvay
[150] used grey forecasting optimization on ANFIS to develop an order
decision model that enable forecasting of demand variability in supply
chain and adjust production/manufacturing accordingly.

4.3.2. Population-based NFS for prediction/forecasting
Population-based NFS techniques have been applied for cost esti-

mation and prediction. For instance, Wang et al. [154] used FALCON
and fast messy genetic algorithm (fmGA) for conceptual cost

Table 6
Population-based NFS techniques in CEM research.

No. CEM application category NFS technique Journal Author(s) CEM application

1 Decision making; modeling ANFIS-ABC ESA Pamučar et al. [59] Cost and risk aggregation in multi-objective route planning
2 Decision making; modeling GrGM-ANFIS FUZZY SYSTEMS Tozan and Vayvay [150] Order decision model (forecasting demand variability in supply

chain)
3 Decision making EFNIS JCCE Cheng et al. [17] Decision making in geotechnical engineering
4 Decision making; modeling NFS-IDSS IJITA Setlak [142] Decision support
5 Prediction/forecasting ANFIS-GA IJMSEM Latif et al. [144] Demand forecasting in supply-chain ordering
6 Prediction/forecasting ANFIS-ICA JMCE Nazari and Sanjayan [32] Predicting compressive strength of geopolymers
7 Prediction/forecasting PSO-ANFIS EPES Pousinho et al. [146] Electricity price forecasting
8 Prediction/forecasting Wavelet-ANFIS-PSO IEEE TPS Catalão et al. [151] Electricity wind power forecasting
9 Prediction/forecasting Wavelet-ANFIS-PSO IEEE ICISAPS Catalão et al. [152] Electricity price forecasting

10 Prediction/forecasting EFNIM AC Cheng et al. [153] Conceptual cost estimates for construction projects
11 Prediction/forecasting FALCON JCiEM Wang et al. [154] Conceptual cost estimation
12 Prediction/forecasting FALCON-COST CACIE Hsiao et al. [141] Cost estimation for semiconductor hookup construction
13 Prediction/forecasting FHCNN-SA-CGA IEEE TEC Liao and Tsao [155] Short term load forecasting
14 Prediction/forecasting LS-SVM JCiEM Cheng and Hoang [156] Estimating construction cost
15 Prediction/forecasting NNDFR AC Mirahadi and Zayed [145] Construction productivity forecast
16 Evaluation/assessment FGS JCCE Aydin and Kisi [7] Crack diagnosis in Timoshenko beams
17 Evaluation/assessment NFPR ASCE Str Alimoradi et al. [5] Evaluating strong ground motion (SGM) records
18 System modeling and analysis FNN-GA ESA Seker et al. [143] Process planning and scheduling
19 Simulation ANFIS-CS IEEE TSC Araghi et al. [148] Traffic signal controller
20 Simulation NFL IJSER Abbas et al. [147] Road traffic control
21 Optimization IT2ANFIS ESA Araghi et al. [149] Traffic signal controller
22 Optimization OO-EFNIM JCEM Cheng and Ko [1] Optimized solution for CEM problems
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estimation. Cheng et al. [153] used evolutionary fuzzy neural inference
model (EFNIM) and GA to develop conceptual cost estimates for con-
struction projects. Cheng and Hoang [156] developed least square-
based SVM (LS-SVM) optimized with differential evolution (DE) for
estimating construction costs. Hsiao et al. [141] developed a fuzzy
adaptive learning control network (FALCON-COST) using fast messy GA
(fmGA) optimization for cost estimation for semiconductor hookup
construction.

Nazari and Sanjayan [32] proposed a hybrid model based on ANFIS
and ICA capable of predicting the compressive strength of ordinary
portland cement (OPC) based geopolymers. Tesfamariam and Najjaran
[103] used ANFIS to estimate the 28-days concrete compressive
strength using different concrete mix proportions (i.e., mix design).

4.3.3. Population-based NFS for evaluation/assessment
Population-based NFS techniques have been proved to be useful for

structural safety evaluation and/or assessment. For instance, Alimoradi
et al. [5] applied GA-based neuro-fuzzy pattern recognition for identi-
fication and selection of ground motion record for seismic design in
earthquake engineering. Aydin and Kisi [7] investigated the suitability
of a fuzzy genetic fused system for structural damage identification,
namely crack diagnosis in Timoshenko beam type structures. The re-
sults from proposed hybrid models are in good agreement with theo-
retical empirical results. Furthermore, the results in estimates of crack
depth and error metrics also show that the optimal models perform
rather accurately in a noise ratio expected in practice [7].

4.3.4. Population-based NFS for system modeling and analysis
Seker et al. [143] used a GA-based FNN to develop system models

that integrate process planning and scheduling simultaneously instead
of doing them sequentially, for an efficient mass production system. The
GA-based FNN predicts the operation sequence accurately and quickly
when production condition and/or customer demand change. The
proposed model enables modification of existing production plans
without much effort as the production condition changes, which helps
increase the production efficiency and reduce the computation time of
the process planning and scheduling integration problem [143].

4.3.5. Population-based NFS for simulation
Abbas et al. [147] developed ACO-based neuro-fuzzy logic to si-

mulate road traffic control for optimum route selection between two
locations. ACO-based NFS uses operational traffic data from traffic
control rooms to predict traffic flow and select the most encouraging
route that enables drivers to avoid congestion and obstructive traffic
while utilizing the system [147]. Araghi et al. [148] developed a CS-
based ANFIS simulation model for traffic signal control. The CS-based

ANFIS adjust the green times for traffic lights of a single intersection for
the purpose of minimizing travel delay time and traffic congestion
[148].

4.3.6. Population-based NFS for optimization
Araghi et al. [149] combined interval type-2 ANFIS (IT2ANFIS) with

simulated annealing (SA), GA, and CS to optimize traffic signal control.
The SA, GA, and CS optimization methods were used in optimizing
model parameters of the proposed IT2ANFIS consequently reducing the
total travel time by alleviating traffic congestion on single and multi-
intersection traffic networks in urban areas. The result showed CS-
IT2ANFIS had superior performance at 31% better than benchmark
fixed-time controllers, compared to 17% for GA-IT2ANFIS and 3% for
SA-IT2ANFIS [149].

4.4. ELM-based NFS applications in CEM research

Applications of ELM-based NFS techniques are very few in CEM
research, although they are extensively used in other research domains.
For instance, of the 116 articles selected for the content analysis, only 3
(2.59%) used ELM-based NFS, of which one article was on prediction/
forecasting, and two on system modeling and analysis. In ELM, the
parameters of hidden neurons are selected randomly, whereas para-
meters of output neurons are evaluated analytically using minimum
norm least squares estimation method [21,57,157]. ELM reduces the
computational complexity of the hybrid learning algorithm by avoiding
the backward pass of training, which involves calculation of error
gradients and thus produces faster computational time compared to
conventional training such as gradient and hybrid learning algorithms
[21,57]. Table 7 presents ELM-based NFS in CEM research. For in-
stance, Schwingshackl et al. [158] developed localized learning neuro-
fuzzy models (LLNFM) for modeling HVAC control systems. The pro-
posed LLNFM model used local linear model tree (LoLiMoT) algorithm
for multi-input multi-output control of HVAC systems [158]. Ir-
anmanesh et al. [159] proposed fuzzy transform LLNFM (FT-LLNF) for
forecasting energy consumption in the United States and Canada. The
result showed better performance of LLNFMs compared to optimized
multi-layer perception models in modeling and predicting highly non-
linear and complex systems such as energy consumption prediction and
its potential for other real-world applications.

4.5. SVM-based NFS applications in CEM research

SVM-based NFS techniques have been used less in CEM research
compared to the other approaches discussed above. For instance, of the
116 articles selected for the content analysis, only 7 (6.03%) used SVM-

Table 7
ELM-based NFS techniques in CEM research.

No. CEM application category NFS technique Journal Author(s) CEM application

1 Prediction/forecasting LLNFM IJSC Iranmanesh et al. [159] Forecasting energy consumption
2 System modeling and analysis LLNFM JBE Schwingshackl et al. [158] Control of HVAC
3 System modeling and analysis PSO-RELANFIS ESA Shihabudheen et al. [157] Classification and regression

Table 8
SVM-based NFS techniques in CEM research.

No. CEM application category NFS technique Journal Author(s) CEM application

1 Prediction/forecasting SdFasArt IEEE TITS Toledo-Moreo et al. [161] Road vehicle maneuver prediction
2 Prediction/forecasting NFHCM ARCOM Ahiaga-Dagbui et al. [160] Predicting final project cost of water infrastructure
3 Prediction/forecasting NFHCM ASCE CRC Tokede et al. [9] Predicting final project cost of water infrastructure
4 Prediction/forecasting RBFNN TUST Lau et al. [162] Estimate production rates in tunneling construction
5 Evaluation/assessment SVMRA, SKMA, BE-ANFIS AC P. Chen et al. [63] Steel bridge rust assessment
6 System modeling and analysis FL, ANN and SVM JCiEM Gandomi et al. [64] New design equations
7 Simulation HFNN IEEE IVS Partouche et al. [163] Road safety
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based NFS, of which five articles are on prediction/forecasting, one on
system modeling and analysis, and one on simulation. Table 8 presents
SVM-based NFS techniques in CEM research. Ahiaga-Dagbui et al. [160]
incorporated a combination of neural networks and fuzzy set theory to
develop a more accurate and precise model for water infrastructure
projects. Tokede et al. [9] presented a neuro-fuzzy hybrid cost model in
which max-product composition produced better results than max-min
composition, based on 1600 water infrastructure projects in the United
Kingdom.

SVM-based NFS techniques have also proved to be used for struc-
tural safety evaluation and/or assessment. For instance, P. Chen et al.
[63] developed an SVM-based rust assessment (SVMRA) for steel bridge
rust recognition. When compared with widely used pattern recognition
approaches such as simplified K-means algorithm and box-and-ellipse-
based ANFIS (BE-ANFIS), the proposed SVMRA performed more effec-
tively in dealing with non-uniform illumination and rust images.

4.6. Overview of classification techniques used in selected articles

The content analysis reveals that the various NFS techniques de-
veloped and proposed in CEM research are a subset of the various NFS
categories discussed in the literature review. State-of-the-art studies
focusing on NFS in CEM have not been done; hence, it is difficult to
compare classification methods of NFS in the CEM with other research
domains.

The articles selected for the content analysis all used a specific NFS
technique to solve a specific CEM research problem. For this literature
review, the NFS techniques in the selected articles were analyzed on the
basis of which learning algorithm they used: gradient, hybrid learning,
population, ELM, or SVM. Interestingly, the content analysis also re-
vealed that the NFS proposed in many selected articles indicate the use
of “learning rule” as a learning algorithm that appears to be a different
category from the five learning algorithm approaches discussed above.
However, “learning rule,” which is also referred to as “training rule” in
some articles, is an expression used to describe learning algorithms. A
further review indicated that a “learning” rule can be either a gradient-
or hybrid learning-based learning algorithm [61]. According to Rou-
hani and Javan [61], learning rules are one-pass heuristic rules with
guaranteed linear separability property in feature space. The detailed
content analysis showed that the learning rule algorithms applied in 20
of the selected articles are hybrid learning while the learning rule al-
gorithms in six of the articles are gradient-based learning.

In summary, the NFS techniques widely used in CEM research are
hybrid learning-, gradient-, and population-based NFS. The use of ELM-
and SVM-based NFS in CEM research is low.

5. Recommendations

5.1. Criteria to evaluate applicability of NFS in CEM research

The review of literature and content analysis indicate that re-
searchers have used a variety of NFS approaches and learning techni-
ques depending on their expertise, research interest, and application
domains [7,12,15,21,22,27]. Furthermore, studies indicate diversifica-
tion in the use of NFS for a wide range of real-world problems across
many disciplines [15]. However, ANFIS has been the most popular and
successful among NFS techniques and has been used in diverse appli-
cations in different research domains including business, medicine,
information systems, construction, and engineering
[12,14,15,21,22,28,31,32,33,105]. As a result of this diversity, com-
paring the different NFS and evaluating their performance continues to
be difficult [15,21].

The concerns over computational or convergence speed, interpret-
ability, prediction accuracy, and model complexity have made re-
searchers consider soft computing techniques for modeling, prediction,
and control applications of dynamic non-linear systems [15,21,56]. The

most commonly used performance evaluation criteria for different NFS
is accuracy in terms of the error index, for example root-mean-square
error (RSME) and/or mean absolute error (MAE) [15,21,25,56,40]. For
instance, Shihabudheen and Pillai [21] make performance comparison
of different NFS models using RMSE, MAE, and correlation coefficient
(R). However, the use of RMSE and/or MAE is only one aspect of
evaluating performance in terms of accuracy [15,56]. Studies have
shown that learning methods and network structure in NFS could be
improved by incorporating optimization algorithms (e.g. GA, PSO) to
achieve better results in terms of accuracy and learning time
[20,21,56]. Therefore, additional criteria that consider other model
characteristics such as convergence speed, computational complexity,
and interpretability have been used in other NFS studies [15,21]. A
highly efficient NFS should have the following characteristics: (1) fast
convergence speed (i.e., fast learning), (2) low computational com-
plexity, (3) accuracy with the aim of obtaining the least global error
possible, and (4) high interpretability [15,21,25,56]. These evaluation
criteria for NFS are identified through literature review and have been
tested using experimental and real-world case study problems in var-
ious applications. Gradient-, hybrid learning, population-, ELM-, and
SVM-based NFS are each evaluated below based on these criteria.

5.1.1. Convergence speed
Gradient-based NFS consumes more time for training and can easily

converge to local minima [21]. Hybrid learning-based NFS are slow
compared to other NFS techniques [56]. Population-based NFS are very
slow and time consuming, especially when the search space to de-
termine optimal solutions is too big [21,39,56]. Memory requirements
for population-based NFS may be another disadvantage [21]. ELM-
based NFS only requires single iteration to optimize the parameters;
hence, it produces faster computational time compared to conventional
training schemes such as hybrid learning-based and/or gradient-based
NFS [21,22,57]. Furthermore, ELM-based NFS achieve fast convergence
speed without sacrificing generalization capability. SVM-based models
have fast or medium convergence speed depending on the problem
[22,42,57,164]. ELM-based NFS are the best option with the fastest
speed of convergence compared to gradient-, hybrid learning-, popu-
lation-, and/or SVM-based NFS.

5.1.2. Computational complexity
The complexity of different learning algorithms used in NFS de-

pends on algorithm mathematics and number of iterations [21]. Gra-
dient-based NFS have moderate computational complexity because
these compute some partial derivatives to update the parameters of the
NFS [21,56]. Hybrid learning-based NFS have high computational
complexity, consequently training becomes slow [157]. ELM-based NFS
reduce the computational complexity and provide better generalization
compared to gradient- and/or hybrid learning-based NFS [164]. Fur-
thermore, ELM-based NFS enable increased generalization of accuracy
and reduction of complexity in the learning algorithm [21]. SVM-based
models also reduce computational complexity without sacrificing ac-
curacy [22,42,57,164]. ELM-based NFS are better than other NFS
techniques with low algorithmic or computational complexity, which
makes it also faster in training (i.e., faster convergence speed).

5.1.3. Accuracy
Accuracy is the most critical requirement of NFS in modeling and

solving complex real-world problems [15,56]. ELM-based NFS produce
lower training time and error; hence, they have better prediction ac-
curacy with minimum computational time compared to hybrid
learning-based NFS [21,57,164,165]. Although they have high com-
plexity, population-based NFS have higher accuracy compared to gra-
dient- and hybrid learning-based NFS [20,27,141]. Shihabudheen and
Pillai [21] showed that fuzzy SVM-based NFS that use clustering (e.g.,
FCM to remove non-support vectors and k-nearest neighbor (KNN) to
remove noise and outliers) have low computational complexity and
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higher prediction accuracy. Therefore, ELM-based NFS have a higher
accuracy compared to other NFS [166].

5.1.4. Interpretability
Interpretability is a subjective property that represents the system

behavior (i.e., knowledge representation) in an understandable manner
that depends on various factors such as NFS model structure, number of
input features, number of rules, number of linguistic terms, and type of
fuzzy systems [14,15,21,25,56,165,166,167,168]. Pramod and Pillai
[166] compared ELM- and SVM-based NFS with results showing that
ELM-based NFS have better interpretability than SVM-based NFS.
Likewise, Wong et al. [165] developed ELM-based NFS that had high
interpretability without compromising accuracy for classification pur-
poses. Pramod and Pillai [166] argued that SVM-based NFS lack
knowledge representation and thus have low interpretability. Ac-
cording to Selvaraju et al. [169] and Cpalka [56], higher complexity
makes models hard to interpret; hence, models characterized by high
computational complexity, such as hybrid learning-based NFS, have
lower interpretability than ELM-based NFS but they are better com-
pared to other NFS. Gradient- and population-based NFS have moderate
interpretability [168,169]. Paiva and Dourado [168] stressed the im-
portance of maintaining interpretability during training, especially
throughout parameter optimization, in order to avoid complex over-
lapping between MFs, which limits interpretability. Thus, learning al-
gorithms should be constrained for better interpretability such that
adjacent MFs maintain their semantic order (i.e., do not exchange po-
sitions), and they need to have a certain degree of overlapping
[21,167,168]. Therefore, a trade-off between interpretability and ac-
curacy has to be made when interpretability is important
[15,21,33,56,165,166,167,168,169]. ELM-based NFS are highly inter-
pretable owing to their low complexity compared to other NFS tech-
niques.

5.1.5. Local minima trapping
Gradient-based NFS can easily converge to local minima and are

prone to overfitting [16,21,65,94,103,157]. Hybrid learning-based NFS
may or may not get trapped in local minima. For instance, in-
corporating clustering-based algorithms in hybrid learning-based NFS
prevents the training from traps of local minima [21,157]. Population-,
ELM-, and SVM- based NFS have no issues related to local minima
trapping; hence, they are better than gradient- and hybrid learning-
based NFS [21] for this criterion.

5.1.6. Comparison of NFS
Tabular comparisons of NFS learning algorithms is provided in

Table 9 to help researchers in choosing a particular NFS technique on
the basis of convergence speed, computational complexity, interpret-
ability, accuracy, and local minima trapping. ELM-based NFS are robust
compared to other types of NFS with the faster convergence speed, low
computational complexity, and higher interpretability and accuracy.
SVM-based NFS have fast convergence speed and provide higher ac-
curacy. Although SVMs have high computational complexity, they have
good generalization capability but low interpretability. Population-
based NFS are a better than hybrid learning- and gradient-based NFS in
providing high accuracy with moderate interpretability and complexity.

Gradient-based NFS can easily stick in local minima, which results in a
medium convergence speed, and hybrid learning and population-based
NFS are slow. However, hybrid learning-based NFS perform better than
gradient-based NFS in terms of accuracy.

5.2. Selecting specific NFS techniques for solving CEM problems

Because many factors must be considered in the selection of a given
NFS and its suitability for solving a particular CEM problem, it is dif-
ficult to generalize that one NFS method is more suitable than another
NFS approach.

Gradient-based NFS are prone to getting trapped in local minima,
whereas hybrid learning-based NFS may or may not be trapped in local
minima depending on the combination of learning algorithms. CEM
applications widely use (29%) gradient-based NFS; however, domains
other than construction are exploring other NFS techniques more be-
cause of the obvious problems of overfitting and early convergence with
local minima that are associated with gradient-based NFS.

Hybrid learning-based NFS have high model complexity, which
makes these algorithms time consuming with low convergence speed
and low interpretability. However, hybrid learning-based NFS are ex-
tensively used in CEM research compared to other types of NFS ap-
proaches. Of the 116 articles selected for the content analysis, 43% used
hybrid learning-based NFS for a wide range of CEM problems. However,
the use of gradient- and hybrid learning-based NFS should be carefully
evaluated based on the accuracy and interpretability of the results with
respect to other NFS techniques such as population-, ELM- and SVM-
based NFS. Research disciplines other than the construction domain
have recently been using robust and high-performing NFS, including
self-organizing NFS such as dynamic fuzzy neural networks, growing
and pruning, meta-cognitive neuro-fuzzy, evolving neofuzzy neuron,
recurrent self-evolving NFS, evolving neuro-fuzzy, and wavelet neuro-
fuzzy [15,21,33].

Population-based NFS provide higher accuracy with moderate in-
terpretability and computational complexity. Thus, population-based
NFS are suitable for solving a wide range of CEM optimization pro-
blems, although they have low computational speed because of the
large search space needed for execution of the algorithm. Of the 116
articles selected for content analysis, 19% used population-based NFS
for solving real-world CEM problems. However, the use of population-
based NFS in CEM research is relatively low compared to the use of
gradient- and hybrid learning-based NFS.

The use of ELM- and SVM-based NFS for solving research problems
in CEM application is very low compared to gradient- or hybrid
learning-based NFS. Among the 116 selected articles for content ana-
lysis, only 3% used ELM- and 6% used SVM-based NFS. These algo-
rithms have high accuracy and interpretability, fast convergence speed,
and low computational complexity making them suitable for a wide
range of CEM research problems. Thus, these NFS could be further
explored in the CEM domain to bridge the current gaps. The following is
a list of points that have been identified as important in selecting a
particular NFS technique for solving CEM problems
[14,15,157,166,167]:

1. The CEM research problems are dynamic and complex in nature,

Table 9
Evaluation criteria for NFS suitability for CEM applications.

NFS learning algorithms Convergence speeda Computational complexity Interpretability Accuracy Local minima trappinga

Gradient-based Medium Moderate Moderate Low May
Hybrid learning-based Slow High Low/moderate Moderate May/may not
Population-based Slow Moderate Moderate High Never
ELM-based Fast Low Higher Highest Never
SVM-based Fast/medium High Low/moderate Higher Never

a Adapted from Shihabudheen and Pillai [21].
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and they involve non-linear relationships owing to the uncertainty
and changing nature of the environment inherent in construction.
Thus, a particular NFS needs to be considered on the basis of its
suitability in modeling CEM problems and effectively capturing the
non-specificity, uncertainty, complexity, dynamism, and non-line-
arity of such problems.

2. The complexity of a given problem and the researcher's preference
of parameters, such as type and quantity of MFs for input and output
variables and the number of rules, are other factors worth con-
sideration.

3. Research in the area of CEM are characterized by high dimensional
parameters or variables compared to their associated instances (data
points). From an engineering point of view, data are best char-
acterized using as few variables as possible [170]. Therefore, the
nature, adequacy, completeness, and availability of data on which
the problem is being modeled are critical considerations.

4. The programming efficiency of the codes used and the differences in
software environment (Python, MatLab, AnyLogic, etc.) for NFS
implementation are critical in selecting a particular NFS.

A particular NFS approach that provides a good result for a certain
CEM problem might not perform well for a different problem.
Furthermore, studies recommend considering model performance, a
model's capability in dealing with the curse of dimensionality, and
model transparency in order to evaluate the suitability of a specific NFS
approach for a particular CEM problem [5,105,138]. Therefore, the
following discussion provides recommendations to guide researchers in
exploring the applicability and suitability of a specific NFS to a parti-
cular research problem in CEM. These recommendations are based on
the following three considerations: (1) common usage of NFS in CEM
research based on content analysis results – NFS that have at least three
related published articles in the selected articles will be considered; (2)
the evaluation criteria as identified in Table 9, which include con-
vergence speed, computational complexity, interpretability, accuracy,
and local minima trapping; and (3) nature and complexity of the CEM
research problem, data availability, and programming efficiency of the
codes used.

Based on the aforementioned discussion, an evaluation of the suit-
ability of NFS for different CEM application categories has been carried
out as depicted in Table 10. An evaluation criterion of NFS suitability
specific to each CEM application category is developed in order to ac-
count for the differences among the natures of CEM problems. For in-
stance, NFS for decision-making problems need to have model trans-
parency (interpretability) without compromising accuracy and be able
to model a large number of parameters, such as high dimensionality or
complexity, prioritizing capability, and ability to capture subjective
judgment and expert opinion. On the other hand, NFS for prediction/
forecasting problems need to be capable of modeling past and current
data (i.e., voluminous, high dimensional, and complex data) and enable
trend analysis for prediction/forecasting with high accuracy. The spe-
cific criteria of NFS for other CEM application categories (evaluation/
assessment, system modeling and analysis, simulation, and optimiza-
tion) are developed in the same manner.

Each NFS is evaluated based on the specific criteria of each CEM
application category. In Table 10, a tick marks indicate whether a given
NFS satisfies a specific criterion of CEM application category. A thor-
ough analysis has been conducted in order to determine to what extent
a given NFS satisfies the specific criterion for each CEM application
category, resulting in the degree of suitability of NFS for CEM problems.
For instance, NFS for decision making need to have moderate to high
values of accuracy, so NFS techniques that satisfy accuracy criterion
values from moderate (e.g., hybrid learning) to highest (ELM) have tick
marks. Similarly, the suitability of a given NFS for all CEM application
categories is determined after a thorough evaluation based on specific
criterion, as presented in the following subsections.

5.2.1. NFS suitable for decision making
Decision making often requires analysis, prioritization, and opti-

mization in a multi-criteria environment based on data that are un-
certain, complex, and ambiguous and reflect the subjective judgment of
decision makers; that is, these decisions and/or assessments incorporate
engineering judgment and expert opinion [8,71]. Bid/no bid, risk al-
location, supplier selection, project personnel selection, prioritizing
projects, and construction equipment purchase/lease are some ex-
amples of CEM decision-making problems. For such kinds of problems,
it is critical to achieve interpretability without compromising accuracy.
Furthermore, NFS for decision making need to have accuracy, inter-
pretability, ability to model high dimensional problems (i.e., variables
to be considered as alternatives), and incorporate expert opinion and
subjective judgment. For instance, Rutkowski et al. [171] developed
NFS for deciding to recommend or not recommend processed items that
also enable understanding of the decision through analyzing rules of
decision paths. The content analysis results and Table 10 indicate that
five of the 116 articles used gradient-based NFS, seven used hybrid
learning-based NFS, and four used population-based NFS for decision
making. Although moderate interpretability is acceptable and widely
used in CEM research, the shortcomings of gradient-based NFS related
to local minima trapping and low accuracy make them less suitable for
applying in decision-making problems. Hybrid learning-based NFS are
suitable for decision making given their moderate accuracy and inter-
pretability as well as medium convergence speed. Furthermore, the
capability of hybrid learning-based NFS to reduce difficulties en-
countered while using single learning to improve accuracy and con-
vergence when network structure and parameters become large makes
them suitable for decision-making problems. Population-based NFS
have high accuracy compared to hybrid learning-based NFS; hence,
they can be a better alternative for decision-making problems. There-
fore, population-based NFS are suitable for decision making if avail-
ability of adequate data is ensured for efficient execution of the algo-
rithm. ELM-based NFS are highly suitable for decision-making problems
since they provide high accuracy, high interpretability, faster con-
vergence speed, and low computational complexity. In the same
manner, SVM-based NFS are effective in handling non-linear and high-
dimensional problems with a small sample size and can produce good
results based on high accuracy, moderate interpretability, and fast
convergence speed. Thus, SVM-based NFS are very suitable to and can
be utilized for decision-making problems. Among the articles selected
for content analysis, no article used ELM- or SVM-based NFS for deci-
sion making. Hence, in future research on decision making it is highly
recommended to explore and investigate ELM- and SVM-based NFS
given their high accuracy and interpretability, fast convergence speed,
and low computational complexity.

5.2.2. NFS suitable for prediction/forecasting
Prediction/forecasting is one of the key functions for most CEM

operations that often require high accuracy. Prediction/forecasting
covers varied topics such as performance/productivity prediction, cost
estimation, project scheduling, forecasting construction material prices,
predicting concrete strength, and risk analysis [8,71]. Prediction in-
volves modeling past and current data that is voluminous, high di-
mensional, and complex and enables trend analysis for predicting (e.g.,
time series trend analysis, system output) [150]. According to NFS for
predicting/forecasting presented in Table 10, 14 articles used gradient-
based NFS, 23 articles used hybrid learning-based NFS, 11 articles used
population-based NFS, one article used ELM-based NFS, and four arti-
cles used SVM-based NFS for prediction/forecasting applications. Al-
though gradient-based NFS are commonly used for prediction/fore-
casting, they provide less accurate results, which makes them less
suitable for predicting/forecasting problems. Hybrid learning-based
NFS are widely used for predicting/forecasting cost estimation, elec-
tricity consumption, construction material prices, concrete strength,
and so on. Hence, they are suitable for prediction/forecasting.
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Population-based NFS search for optimal solutions, which makes them
suitable for prediction/forecasting problems. Population-based NFS
provide high accuracy and are suitable for conceptual cost estimation,
forecasting productivity, price forecasting for construction materials,
and electricity prices, for example. ELM-based NFS techniques are the
most efficient and robust, since these provide faster computational
time, low computational complexity, and higher accuracy and inter-
pretability. The higher accuracy and low computational complexity of
ELM-based NFS make them very suitable for prediction/forecasting of
CEM problems. For example, ELM-based NFS can be applied for pre-
dicting/forecasting time series trends such as price fluctuations for
construction inputs (e.g., materials cost, labor market, energy demand,
oil price, machinery rental/lease), cost estimation (conceptual, de-
tailed), and risk analysis. SVM-based NFS are effective techniques in
dealing with noise and outliers as well as in reducing computational
complexity without compromising on model accuracy [21,56]. SVM-
based NFS have medium to fast convergence speed, which results in
higher accuracy. Therefore, SVM-based NFS are very suitable for CEM
problems related to predicting/forecasting. For example, SVM-based
NFS are very suitable for performance prediction, that is, estimating
production rates of various construction activities such as tunneling,
concreting, and earthwork. In addition, SVM can be applied for fore-
casting time series trends and predicting final project costs and dura-
tion. Among the selected articles for content analysis, only one article
used ELM-based NFS and four used SVM-based NFS for prediction/
forecasting. Therefore, it is highly recommended to explore and

investigate ELM- and-SVM based NFS in future research on prediction/
forecasting, given their high accuracy and interpretability, fast con-
vergence speed, and low computational complexity.

5.2.3. NFS suitable for evaluation/assessment
Evaluation/assessment is one of the main functions (areas) of CEM

for conducting need analysis, identifying the best alternative among
available options, and selection of contractor, consultant, supplier, and
personnel, to name a few. CEM problems focusing on evaluation/as-
sessment need NFS that have good interpretability and accuracy as well
as similar features to NFS suitable for decision-making problems.
According to the NFS for evaluation/assessment shown in Table 10,
eight articles used gradient-based NFS, 10 articles used hybrid learning-
based NFS, two articles used population-based NFS, and one article
used SVM-based NFS. The content analysis results indicate that gra-
dient- and hybrid learning-based NFS are commonly used in evalua-
tion/assessment CEM problems. Gradient-based NFS are less suitable
due to their limitations related to low accuracy and local minima
trapping. Hybrid learning-based NFS are suitable for CEM problems
related to evaluation/assessment owing to their capability to model
complex problems with high dimensional parameters. However, the
low interpretability and moderate accuracy of hybrid learning-based
NFS may impact the evaluation/assessment process. Likewise, popula-
tion-based NFS are suitable for evaluation/assessment problems such as
safety evaluation, supply chain evaluation, performance appraisal and
evaluation owing to their ability to model complex problems and

Table 10
Evaluation of NFS suitability for CEM research problems.

CEM application categories Specific criteria for CEM application categories NFS learning algorithms

Gradient Hybrid Population ELM SVM

Decision making Common/frequent usage in CEM research (i.e., 13.8% of selected articles) ✓ ✓ ✓
Model transparency (i.e., interpretability) without compromising accuracy ✓ ✓ ✓ ✓ ✓
Moderate to high accuracy ✓ ✓ ✓ ✓
Ability to model large number of parameters of alternatives i.e., high dimensionality or
complexity

✓ ✓ ✓ ✓ ✓

Prioritizing available alternatives to identify the best option ✓ ✓ ✓ ✓
Capture subjective judgment and expert opinion ✓ ✓ ✓ ✓ ✓

Prediction/forecasting Common/frequent usage in CEM research (i.e. 45.7% of selected articles) ✓ ✓ ✓ ✓
Ability to model past and current data (i.e., voluminous, high dimensional, and complex data) to
predict future trends

✓ ✓ ✓ ✓ ✓

Trend analysis capability for predicting e.g., time series, system output etc. ✓ ✓ ✓ ✓
High accuracy ✓ ✓ ✓

capture uncertainty and vagueness of prediction ✓ ✓ ✓ ✓ ✓
Evaluation assessment Common/frequent usage in CEM research (i.e., 18.1% of selected articles) ✓ ✓

Model transparency (i.e., interpretability) without compromising accuracy ✓ ✓ ✓ ✓ ✓
Moderate to high accuracy ✓ ✓ ✓ ✓
Need analysis/assessment ✓ ✓ ✓
Ability to model large number of parameters of alternatives i.e., high dimensionality or
complexity

✓ ✓ ✓ ✓ ✓

Prioritizing available alternatives to identify the best option ✓ ✓ ✓ ✓

Capture subjective judgment and expert opinion ✓ ✓ ✓ ✓ ✓
System modeling and analysis Common/frequent usage in CEM research (i.e., 12.9% of selected articles) ✓ ✓

Scenario and sensitivity analysis to determine optimum combination and configuration of
systems/processes

✓ ✓ ✓ ✓

Ability to model large number of parameters of alternatives i.e., high dimensionality or
complexity

✓ ✓ ✓ ✓ ✓

System/process optimization ✓ ✓

Capture dynamic systems and relationships ✓ ✓ ✓ ✓ ✓
Simulation Common/frequent usage in CEM research (i.e., 5.2% of selected articles)

Higher model transparency (interpretability) ✓
Effectiveness to model large number of parameters i.e., high dimensionality or complexity ✓ ✓ ✓ ✓
Fast computational speed ✓ ✓
High accuracy ✓ ✓ ✓
Capture dynamic systems and relationships ✓ ✓ ✓ ✓ ✓

Optimization Common/frequent usage in CEM research (i.e., 4.3% of selected articles)
Higher model transparency (i.e., interpretability) ✓
Effectiveness to model large number of parameters i.e., high dimensionality or complexity ✓ ✓ ✓ ✓
Optimization effectiveness and efficiency ✓
Effectively capture uncertainty and constraints ✓ ✓ ✓ ✓ ✓
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providing an optimal solution among alternatives. ELM-based NFS
provide high accuracy and interpretability, so they are very suitable for
evaluation/assessment problems. Furthermore, SVM-based NFS provide
the higher accuracy and moderate interpretability required to model
high dimensional problems. Thus, SVM-based NFS are very suitable for
evaluation/assessment problems such as condition/damage assessment
of structures and facilities such as steel bridge (rust assessment), con-
crete bridge (crack and/or deflection assessment), pipes condition as-
sessment, feasibility study, and project selection. Among the selected
articles for content analysis, no article used ELM, and only one article
used SVM-based NFS for evaluation/assessment. Hence, in future re-
search on evaluation/assessment it is highly recommended to explore
and investigate ELM- and SVM-based NFS given their high accuracy and
interpretability, fast convergence speed, and low computational com-
plexity.

5.2.4. NFS suitable for system modeling and analysis
System modeling and analysis is one of the critical CEM functions

that require analysis of multiple scenario combinations in order to ar-
rive at the best possible solution for problems such as modeling a supply
chain network, best crane location(s) on construction project site, and
business/work process modeling. NFS for system modeling and analysis
need to have the capability to model complex problems with non-linear
relationships involving high dimensional parameters in addition to
having a fast convergence speed, high accuracy, and high interpret-
ability. According to NFS for system modeling and analysis depicted in
Table 10, four articles used gradient-based NFS, seven articles used
hybrid learning-based NFS, one article used population-based NFS, two
articles used ELM-based NFS, and one article used SVM-based NFS.
Gradient-based NFS are less suitable for CEM problems related to
system/process modeling owing to local minima trapping and lower
accuracy. The ability to model complex problems with moderate con-
vergence speed and accuracy makes hybrid learning-based NFS suitable
for system modeling and analysis for problems such as modeling HVAC
controls, HVAC system analysis, and freight system modeling. Likewise,
population-based NFS can model complex problems and provide op-
timum solutions; hence, they are suitable for system modeling analysis
that include supply chain network, system and/or work process cali-
bration, and process planning and scheduling. Providing fast con-
vergence speed as well as high accuracy and interpretability, ELM-
based NFS are suitable for modeling supply chain network, toll col-
lection systems, and system modeling. Features of SVM-based NFS in
modeling high dimensional problems with non-linear and complex re-
lationships involving outliers and limited instances coupled with high
accuracy make them very suitable for freight system modeling (e.g.,
control systems for crane operation, earth work operation system
modeling and analysis) and plant modeling (e.g., concrete and/or as-
phalt batching and mixing plant, aggregate production plant, prefab
production plant, modular home production plants). Among the 116
articles selected for content analysis, only one article each used popu-
lation- and SVM-based NFS, while two articles used ELM-based NFS for
system modeling and analysis. Thus, in future research on system
modeling and analysis, it is highly recommended to explore and in-
vestigate ELM-, and SVM-based NFS given their high accuracy, high
interpretability, and fast convergence speed and low computational
complexity and population-based NFS based on their capability in ob-
taining optimum solutions.

5.2.5. NFS suitable for simulation
Simulation is a process of developing and executing computer-based

models of construction systems and/or operations (e.g., analyzing and
planning construction projects, improvement of production systems,
earthwork operations, tunneling, bidding process, construction plan-
ning and scheduling) to understand their underlying behaviours
[44,172]. Thus, NFS for simulation need to have the capability of
modeling dynamic, complex, and non-linear relationships of system

elements/components. According to NFS for simulation presented in
Table 10, one article each used gradient-based and SVM-based NFS, and
two articles each used hybrid learning-based and population-based
NFS. The shortcomings of gradient-based NFS related to their low ac-
curacy and local minima trapping make them less suitable for simula-
tion problems. The capability of hybrid learning-based NFS in modeling
high dimensional parameters make them somewhat suitable for simu-
lating resource matching or balancing problems in earthmoving op-
erations. Population-based NFS are suitable for simulation problems
such as traffic signal control and route selection owing to their cap-
ability for evaluating possible solutions to determine optimal solutions
on a big search space. ELM-based NFS may obtain a reliable result in
terms of accuracy and interpretably; hence, they are suitable for CEM
applications involving simulation such as traffic light control, traffic
management, and road safety. SVM-based NFS can handle high di-
mensional parameters that represent multiple components/elements of
a real-world system. Thus, SVM-based NFS are very suitable for simu-
lating work process and system modeling as well as simulation of
construction operations. Among the articles selected for content ana-
lysis, past studies on NFS for simulation are few. For instance, two ar-
ticles used population-based NFS, only one article used SVM-based NFS,
and no article used ELM-based NFS for simulation. Thus, in future re-
search on simulation it is highly recommended to explore and in-
vestigate ELM-, and SVM-based NFS given their high accuracy and in-
terpretability, fast convergence speed, and low computational
complexity and population-based NFS given their capability in ob-
taining optimum solutions.

5.2.6. NFS suitable for optimization
CEM problems are mainly formulated as complex non-linear opti-

mization problems e.g., developing project programs or schedules
minimizing simultaneously time, budget, and resources while addres-
sing uncertainty considering performance goals and constraints
[45,71]. According to NFS for optimization presented in Table 10, two
articles each used gradient-based and population-based NFS, and one
article used hybrid learning-based NFS. Gradient-based NFS are less
suitable for optimization due to their limitation i.e., lower accuracy,
local minima trapping. Hybrid learning-based NFS are somewhat sui-
table for optimization such as performance optimization, productivity
improvement etc. ELM-based NFS enable determination of an optimal
solution in terms of accuracy and interpretably; hence, are suitable for
CEM optimization problems such as traffic light control, and traffic
signal control. The capability of SVM-based NFS high dimensional
makes them suitable for optimization problems such as work process
optimization in CEM operations such as hauling in earth work opera-
tion, ready mix concrete delivery time, and optimize crane locations in
a large construction site etc. Population-based NFS provide higher ac-
curacy with moderate interpretability and computational complexity
that compensates for its limitation of slow computational speed due to
the large search space needed for the execution of the algorithm. Thus,
population-based NFS are very suitable for optimization problems such
as resource allocation, bid markup optimization, multi-project cash
flow optimization, and budget prioritization among multiple projects.
Furthermore, studies showed that incorporating optimization algo-
rithms (e.g. GA, PSO, ACO, ICA, etc.) in various NFS learning algo-
rithms improve results in terms of accuracy and learning time [20,21].
As far as common usage in CEM concerned, only 4.3% (i.e., five arti-
cles) out of 116 articles selected for content analysis addressed NFS for
optimization. No article used ELM and SVM while only two articles
used population-based NFS for optimization. Hence, in future research
on optimization it is highly recommended to explore and investigate
ELM- and SVM-based NFS given their high accuracy and interpret-
ability, fast convergence speed, and low computational complexity and
population-based NFS based on their capability in obtaining optimum
solutions.
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6. Conclusions and future research

This paper has presented a comprehensive literature review and
content analysis on NFS in the CEM research discipline. Despite the
increased use of NFS techniques in CEM research, a systematic review
and content analysis of the existing literature on NFS had not previously
been conducted for the construction domain. To address this research
gap, this paper provides a comprehensive review of NFS techniques
applied in CEM research problems that have been published in highly
reputed CEM journals from 2000 to 2020. This paper presents recent
advances in NFS and various classifications of NFS based on NFS ar-
chitecture, learning algorithms, and fuzzy methods. Classification of
NFS based on learning algorithm used results in grouping of selected
articles in CEM research into five categories: (1) gradient-, (2) hybrid
learning-, (3) population-, (4) ELM-, and (5) SVM-based learning al-
gorithms. The content analysis results show that gradient-, hybrid
learning-, and population-based NFS are widely used in CEM research.
For instance, among the 116 selected articles for the content analysis,
29% used gradient-based NFS, 43% used hybrid learning-based NFS,
and 19% used population-based NFS. On the other hand, the use of
ELM-and SVM-based NFS in CEM research is insignificant, accounting
for only 0.03% and 0.06% of the selected articles, respectively.

Among the CEM application categories, 46% of the articles selected
for the content analysis extensively use problems pertaining to pre-
diction/forecasting. In addition, 14%, 18%, and 13% of the selected
articles are in the area of decision making, evaluation/assessment, and
system modeling and analysis, respectively. Few articles use NFS for
CEM applications related to simulation (0.05% of selected articles) and
optimization (0.05% of selected articles). The results show that NFS
used in CEM research are a subset of NFS applied in a wide range of
research disciplines other than the construction domain. The most
commonly used performance evaluation criteria of NFS are con-
vergence speed, computational complexity, interpretability, accuracy,
and local minima trapping, identified through a comprehensive review
of the literature. The comparison of different NFS based on the iden-
tified criteria indicates that ELM-based NFS are the most robust NFS
with fast convergence speed, low computational complexity, and higher
accuracy and interpretability. Furthermore, the evaluation criteria en-
able assessment of the suitability and appropriateness of NFS for solving
a particular CEM application.

The contributions of this paper are threefold. First, this paper ad-
dresses the lack of a systematic review and content analysis of pub-
lished articles related to NFS topics in CEM research. Despite the
abundance of published articles focusing on NFS topics, state-of-the-art
studies dedicated to comprehensive review of literature or content
analysis has not been done in the construction domain. Therefore, the
findings of this paper are of great importance to both researchers and
industry practitioners as a useful reference on NFS in CEM research
specifically on recent developments, identification, and classification of
NFS commonly used in construction. Second, the content analysis result
shows that CEM applications can be grouped into six application ca-
tegories: (1) decision making, (2) prediction/forecasting, (3) evalua-
tion/assessment, (4) system modeling and analysis, (5) simulation, and
(6) optimization. This paper adopts classification of NFS based on their
learning algorithm and relates them to the six categories of CEM ap-
plications. Third, this paper identifies evaluation criteria that can help
guide researchers and industry practitioners in choosing a suitable
subset of NFS techniques to solve different types of CEM problems.

The application of NFS techniques in these CEM categories is very
effective and practical over a wide range of areas for analyzing pro-
blems in the construction industry, which is regarded as complex, full of
uncertainties, and having a dynamic environment. Thus, NFS can help
researchers develop models to make decisions, predict and evaluate
performance, and optimize processes or systems. The following re-
commendations are made as a guide in using a given NFS for a parti-
cular CEM application. NFS with high accuracy and interpretability,

fast convergence speed, and low computational complexity, such as
ELM-based NFS, are recommended for CEM problems in evaluation,
assessment, and decision making where interpretability is critical.
Population-, ELM-, and SVM-based NFS enable high accuracy and can
be used for CEM applications that include prediction of time series
trends, which require accuracy for cost, schedule, and risk management
problems. Population-based NFS are good candidates for CEM appli-
cations involving optimization problems such as resource allocation,
scheduling, and budget prioritization among multiple projects. Hybrid
learning- and population-based NFS can be used in multi-criteria de-
cision making as well as system or process modeling, as for crane lo-
cation on a construction job site, work process modeling, or simulation,
as for excavation, hauling, and concreting. The literature indicates that
most applications of NFS give more emphasis to accuracy while the
important aspect of interpretability is often overlooked. Therefore, CEM
problems that require both accuracy and interpretability – such as
evaluation and decision-making, risk analysis and management, bud-
geting, bid analysis and contract award, structural defect, or damage
analysis – need to balance the trade-off between accuracy and inter-
pretability.

The number of journal articles obtained from construction journals
during article selection might be considered a limitation of this study
since few NFS studies are focused in CEM. As a result, some articles
focusing on NFS in CEM and published in journals that were not in-
cluded in the journal selection stage might have been missed and
therefore not incorporated in the content analysis. To maximize cov-
erage in the total number of articles for the content analysis, articles
from other disciplines that are also applicable to CEM problems were
included in order to ensure the validity and reliability of the results.
Furthermore, almost all the articles use type-1 fuzzy systems; hence,
investigating type-2 fuzzy systems for CEM problems is a possible future
research direction, since they provide optimal solution for problems
involving uncertainty and non-linearity. The majority of articles focus
on gradient-, hybrid learning-, and population-based NFS. As a result,
the discussions of ELM- and SVM-based NFS in CEM applications are
limited because few studies of them are available in literature. Thus,
future studies can benefit from exploring and adopting ELM- and SVM-
based NFS for CEM problems.

We plan to extend the study into developing software for re-
commending NFS techniques based on this extensive literature review
and content analysis. Furthermore, this software would enable re-
searchers to instantly access the past papers along with recommenda-
tions based on CEM application domain, learning algorithms, and other
parameter statistics.

Future research could focus on robust NFS that provide optimal
solution in dealing with uncertainties inherent in CEM problems. For
instance, almost all NFS techniques in CEM used type-1 fuzzy; hence,
researchers can explore the use of type-2 fuzzy in NFS techniques in
future CEM research. Type-2 fuzzy systems are robust and provide
optimal solutions in dealing with and modeling the uncertainties that
are inherent in CEM problems. Additionally, ELM-based NFS can be
further explored and adopted for practical CEM problems owing to their
better performance, especially with respect to their fast learning cap-
abilities, low model computational complexity, and high accuracy.
Furthermore, incorporation of the on-line adaptability and self-ad-
justing capability of NFS can be investigated for CEM application in
order to account for the dynamic and changing environment in which
the construction industry operates. Hybridization of NFS with other
modeling techniques is being used widely in research domains other
than construction. Thus, NFS can be combined with other techniques
such as simulation in order to develop models with better performance
for analyzing a wide range of CEM problems such as forecasting prices
of construction inputs (e.g., construction material prices, labor market,
equipment and machinery rental, leasing prices), estimating construc-
tion operation/activity duration (e.g., earthwork operations, tunneling
projects, and many other construction works operations), and
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predicting time series trends (e.g., energy demand, oil price).

List of acronyms

ABC artificial bee colony
ACO ant colony optimization
AI artificial intelligence
ANFIS adaptive neuro-fuzzy inference system
ANFIS-ABC adaptive neuro-fuzzy inference system with artificial bee

colony
ANFIS-CS cuckoo search-based adaptive neuro-fuzzy inference system
ANFIS-GAgenetic algorithm-based adaptive neuro-fuzzy inference

system
ANFIS-GP adaptive neuro-fuzzy inference system with grid partition
ANFIS-ICA adaptive neuro-fuzzy inference system – imperialist com-

petitive algorithm
ANFIS-SC adaptive neuro-fuzzy inference system with sub clustering
ANN artificial neural network
APK-ANFIS a-priori knowledge-based adaptive neuro-fuzzy inference

system
AR-ANFISautoregressive-adaptive neuro-fuzzy inference system
ARMA autoregressive moving average
ASCE American Society of Civil Engineers
BBO biogeography-based optimization
BE-ANFIS box-and-ellipse-based adaptive neuro-fuzzy inference system
BP backpropogation
B-spline AMN B-spline associative memory networks
CANFIS co-active neuro-fuzzy inference systems
CBR case-based reasoning
CEM construction engineering and management
CI computational intelligence
CS cuckoo search
CGA chaos-search genetic algorithm
DE differential evolution
dmEfuNN dynamic evolving fuzzy neural network
EFNIM evolutionary fuzzy neural inference model
EFNIS evolutionary fuzzy neural inference system
ELM extreme learning machine
FA firefly algorithm
FALCON fuzzy adaptive learning control network
FALCON-COST fuzzy adaptive learning control network for cost esti-

mation
FE finite element
FCM fuzzy c-means
FGS fuzzy genetic system
FHCNN fuzzy hyperrectangular composite neural network
FINEST fuzzy inference and neural network in fuzzy inference soft-

ware
FIS fuzzy inference system
FL fuzzy logic
FLR fuzzy linear regression
fmGA fast messy GA
FNN fuzzy neural network
FT-LLNFM fuzzy transform localized learning neuro-fuzzy model
FUN fuzzy net
GA genetic algorithm
GARIC generalized approximate reasoning-based intelligent control
GD gradient descent
GMDH group method of data handling
GrGM-ANFIS grey forecasting adaptive neuro-fuzzy inference system
GRNN generalized regression neural networks
GWO grey wolf optimization
HFNN hybrid fuzzy neural networks
HOPF high-order particle filtering
HSC high-strength concrete
ICA imperialist competitive algorithm

IDSS intelligent decision support system
IIANFSM integrated inverse adaptive neural fuzzy system with a

Monte-Carlo structure
IMRA integrated multidimensional risk analysis
IT2ANFIS interval type-2 adaptive neuro-fuzzy inference system
KF Kalman filter
KNN k-nearest neighbor
LSM least square method
LS-SVM least-square-based support vector machine
LoLiMoT local linear model tree
LLNFM localized learning neuro-fuzzy model
MAE mean absolute error
MCDM multi-criteria decision making
MF membership function
MFO moth-flame optimization
MLP multi-layer perceptron
MLPNN multi-layer perceptron neural network
MRA multiple regression analysis
NEFCON neural fuzzy controller
NF neuro-fuzzy
NFAA neuro-fuzzy-based agent approach
NFHCM neuro-fuzzy hybrid cost models
NFIS neuro-fuzzy inference system
NFL neuro fuzzy logic
NFM neuro-fuzzy model/modeling
NFPR neuro-fuzzy pattern recognition
NFDSS neuro-fuzzy decision support system
NFS neuro-fuzzy systems
NFS-IDSS neuro-fuzzy system intelligent decision support system
NGS neuro-fuzzy genetic system
NNDFR neural-network-driven fuzzy reasoning
OO-EFNIM evolutionary fuzzy neural inference model with an object-

oriented computer technique
OPC ordinary Portland cement
PARAMICS parallel microscopic simulation
PIREM principal items ratio estimation method
PMBOK project management body of knowledge
PMI Project Management Institute
PNN probabilistic neural network
PSO particle swarm optimization
PSO-ANFIS particle swarm optimization-based adaptive neuro-fuzzy

inference system
PSO-RELANFIS particle swarm optimization-based regularized ex-

treme learning adaptive neuro-fuzzy inference system
RBF radial basis function
RBFNN radial basis function neural networks
RC reinforced concrete
RSME root-mean-square error
SA simulated annealing
SdFasArt supervised dynamic fuzzy adaptive system, adaptive re-

sonance theory- (ART) based
SKMA simplified K-means algorithm
SONFIN elf-constructing neural fuzzy inference network
SVM support vector machine
SVMRA support vector machine-based rust assessment
SVR support vector regression
T2FNN type-2 fuzzy neural network
TSK Takagi–Sugeno–Kang
VaFALCON variable-attribute fuzzy adaptive logic control network
WANFIS wavelet-based adaptive neuro-fuzzy inference system
WNF wavelet-neuro-fuzzy
WTI West Texas Intermediate
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