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Abstract. Transport sector is very important for development of local economies, so it is intensively studied in different
countries. Road infrastructure construction projects in many European countries are mainly carried out through various
forms of Public—Private Partnership (PPP). Financial evaluation, private partner selection criteria, technical characteris-
tics and very important focus of sustainable development components (environmental, social and economic) of PPP road
infrastructure development projects are widely analysed in the scientific literature. Although many research studies were
published for PPP road infrastructure projects efficiency assessment from different aspects, there have not been created
assessment methodology with all key areas incorporated altogether. The authors provide an integrated PPP road infra-
structure projects effectiveness modelling methodology by applying Random Forest technique. The developed method-
ology is recommended to be applied for PPP road infrastructure projects effectiveness prediction from the private and

public sector perspectives.

Keywords: road infrastructure projects, public—private partnership, effectiveness evaluation, Random Forests.

Introduction

Public Private Partnership (PPP) is collaboration between
public and private sectors based on a long term agreement
which aims to provide services traditionally assigned to
the competence of the public sector and to maintain the
infrastructure necessary for the development of those ser-
vices. The core principle of PPP is to achieve the best
value for invested money basing on the experience of the
private sector and risk-sharing between the parties in-
volved. PPP schemes are widely used in different areas,
such as waste collection and recycling, health care, edu-
cation and transportation projects.

Researchers in many countries analyse road con-
struction projects developed and implemented using PPP
schemes, and assess their effectiveness from different
perspectives and aspects. Sivilevi¢ius and Vansauskas
(2013), Radziszewski et al. (2014), Nejad et al. (2013),
Vaitkus et al. (2012) proposed to evaluate technical pa-
rameters of road projects: length of the road, types of pav-
ing, traffic flows, road categories, traffic safety measures
and other factors. Jasitinien¢ and Cygas (2013) developed
a road accident prediction model for national roads. Road
safety should play an important role in the selection of
alternatives, and safety aspects should be included in the
decision-making process in the initial planning and de-
sign stage (LaurinaviCius et al. 2012).

Akbiyikli (2013) analysed financial aspects of road
projects and concluded, that investments, project dura-
tion and maintenance costs are the most important fac-
tors. Jiang et al. (2011) developed multiple-objective
cash flow planning model — Pareto optimality efficiency
network model, which considers typical banking instru-
ments, the constraints of the financial market, the budget
constraints, and retention of money. Ashuri ez al. (2012)
concluded that the net present value (NPV) approach
is insufficient to measure the economic risk of Build-
Own-Transfer (BOT) road construction projects. The
authors proposed Minimum Revenue Guarantee and
Traffic Revenue Cap models, which take into considera-
tion uncertainty about the future traffic demands. Liu and
Wilkinson (2014) evaluated large-scale public venue de-
velopments and identified the following critical features:
sound business case development; streamlined financial
arrangements; robust tendering; effective governance
structure and partnership-based consortium; and realistic
risk allocation.

Wang et al. (2014) proposed probabilistic model for
assessment of the risks associated with tunnelling and
its likelihood to damage to existing properties. Practical
application of the model demonstrated that the accurate
assessment of tunnel construction risks helps to avoid the
potential accidents. Whereas Clarke and Laefer (2014)
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analysed the construction risk of buildings adjacent to
tunnelling works and proposed to incorporate both cultur-
al and physical aspects of buildings into pre-construction
risk assessment procedure. Xu ef al. (2010) developed the
fuzzy synthetic evaluation model for assessing the overall
risk level associated with PPP projects and the risk level
of the particular critical risk groups: government inter-
vention; government maturity risk; economic viability
risk; market environment risk; construction and operation
risk; macroeconomic risk. Jin (2010) proposed theoretical
framework and a support tool for decision making on risk
allocation strategy between government and private agen-
cies in PPP projects. Zavadskas et al. (2010) analysed
risk assessment of construction projects and proposed to
take into account goals and interests of all stakeholders.
Subramanian et al. (2012) analysed the political dimen-
sion of cooperation between the partners. This study pro-
posed risks and opportunities to cooperation framework
and identified five general categories of risk perceived by
decision makers: capacity and knowledge, accountability
and voice, sovereignty and autonomy, equity and access,
stability and support.

Chan et al. (2010) identified five underlying critical
success factors for infrastructure development using PPP
schemes: stable macroeconomic environment; shared re-
sponsibility between public and private sectors; transpar-
ent and efficient procurement process; stable political and
social environment; judicious government control. Gras-
man ef al. (2014) analysed the environmental component
of sustainable development and found that public—private
cooperation in the field of environmental impact assess-
ment provides the best solutions and the optimal benefit
of the public. Alvarez-Herranz and Martinez-Ruiz (2012)
suggested an innovative technique based on panel data
and accessibility indicators, which can quantify the plan’s
economic impact on regional development. Meda (2012)
analysed the main land value capture mechanisms in re-
lation to increased transport accessibility and identified
direct and indirect impacts of land value of transport in-
vestments: access to urban externalities, access to social
infrastructure, access to development infrastructure and
on-site improvement. Adetola ef al. (2011) critically re-
viewed approaches of public—private collaboration strat-
egy for delivering sustainable infrastructure projects in
the architecture, engineering and construction (AEC) sec-
tor. The authors identified and highlighted 10 vital areas
related to successful delivery of sustainable infrastruc-
ture projects: relationships, trust, risk allocation, legal
and regulatory framework, communication, technology,
finance, skills/competence, globalisation/collaboration
and market maturity.

Although private partners are mostly interested in
measuring the financial performance of infrastructure
construction projects, the technical performance part is
also very important because technical decisions influence
the investment amount and the technical risk of the pro-
ject. From the perspective of the public sector, the project

must first of all be beneficial to the general public; there-
fore sustainability performance is the most important in
terms of environment, society and economy. Only when
all three sustainability components are evaluated posi-
tively the project might be rated as sustainable.

Different authors made profound analysis of sepa-
rate aspects of PPP projects, but a single underlying as-
sessment model that incorporates the priorities of the
public and private sectors has not been proposed.

1. Theoretical model for effectiveness evaluation of
PPP infrastructure construction projects

The theoretical model to assess the expected effective-
ness of PPP infrastructure construction projects devel-
oped by the authors incorporates the evaluation of tech-
nical and financial performance, the assessment of private
partner selection and environmental, economic and social
elements of sustainable development. The effectiveness
of PPP infrastructure construction projects is assessed in
two dimensions: private partner interests and interests of
the public sector. The desired results are: Return on In-
vestment (ROI) and financial success of the future pro-
ject to the private partner and the societal advantages of
developed objects/services to the society (private sector).
PPP infrastructure construction project is considered ef-
ficient if it satisfies the objectives and desired benefits
of both sectors. Based on that, different evaluation per-
spectives are presented interrelated in the model of PPP
infrastructure project effectiveness evaluation (Fig. 1).
Systemized assessment measures and criteria of specific
project area were selected for every component of the
model following the analysed scientific research litera-
ture. The developed model was applied for the assess-
ment of PPP road infrastructure project effectiveness. A
variety of mathematical techniques have been applied
for PPP infrastructure projects modelling from different
aspects. Traditional net present value (NPV) valuation
techniques are used by the private partner and the public
sector, because these methods show projected financial
performance, which is important to both parties. Value
for Money is the most popular approach in public sector
as it demonstrates the generated object or service benefits
to the public. Method of Real options is mostly used by
the private partner to assess the different options for pos-
sible investment alternatives.

Expert evaluation and statistical analysis are used by
both sectors to evaluate, compare and predict the prelimi-
nary project results. Game theory is primarily applied for
the risk assessment. Nowadays, private partners are in-
creasingly using more advanced and sophisticated meth-
ods of artificial intelligence: random forest (RF), neural
networks (ANN), support vectors machine (SVM), fuzzy
logic, genetic algorithms, etc. (Chou et al. 2013; Abdal-
lah, Marzouk 2013; Jingzhu, Ng 2013; Yazdani-Chamzini
2014). These methods can solve quite complex tasks and
forecast the future results even with only partial project
information.
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Fig. 1. Model of PPP infrastructure project effectiveness evaluation

Random Forest (RF) is comparably new (proposed
by L. Breiman in 1996) and effective classification al-
gorithm belonging to ensemble classification methods.
Recently it has been very widely applied in biomedicine,
image and sound recognition due to the large amount of
data processing and a reliable and accurate assessment
of the results. However, for the construction sector it is a
novel approach. Based on the literature review RF appli-
cation related to the construction sector was published by
Antipov and Pokryshevskaja (2012), where RF technique
was used for the mass appraisal of residential apartments.

The following strengths of RF method are listed in
literature (Breiman 2001a, b):

- RF is one of the most accurate algorithms in the field
of machine learning and artificial intelligence;

- RF enables efficient calculations of large databases;

- RF provides a possibility to make calculations with
missing input variables without variable deletion;

- the obtained results show which variables are impor-
tant for the decision in classification;

- the algorithm of RF method produces the generaliza-
tion error, which enables to assess the accuracy and
reliability of the method;

- RF contains error evaluation and balancing tech-
niques that prevent the misbalance of input data.
Random Forest method was selected for the effec-

tiveness modelling of PPP road infrastructure projects
as one of the most accurate methods of artificial intel-
ligence, which can solve the classification problems with
a lot of variables and with a relatively small number of
available data, and to provide reliable foresight results.
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2. Research database

The empirical research database for the effectiveness
modelling of road infrastructure projects developed using
PPP scheme was compiled using the databases of Europe-
an Investment Bank, European Bank for Reconstruction
and Development, the World Bank, as well as road infra-
structure websites and information from concessionaires,
builders and operators of different European countries.
The dataset consist of 74 PPP road infrastructure projects,
developed mostly in EU. The following limitations were
applied in developing the empirical research database:
- only construction projects from the transportation
sector (roads, motorways, roundabouts) were selected,
- projects developed using PPP scheme;
- projects with completed construction phase;
- projects in operation for more than five years;
- main revenues of the projects are generated from
tolling.

The range of PPP road infrastructure construction
projects quantitative criteria is presented in Table 1.

The dataset of the projects was compiled based on
the theoretical model and separate arca assessment meas-
ures. Project effectiveness is assessed using technical,
financial, private partner selection, environmental, social
and economic measures. Based on the scientific literature
review quantitative and/or qualitative criteria, listed in
Table 2, were selected: criteria for the technical assess-
ment of the project from K1 to K9, criteria for financial
assessment from K10 to K15 respectively; criteria for pri-
vate partner assessment from K16 to K19. Sustainabil-
ity was assessed in terms of environmental, social and
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Table 1. PPP road infrastructure construction projects
quantitative criteria

Quantitative criteria Min value | Max value
Length of the newly constructed / 11.60 365
reconstructed road, km

Average annual daily traffic 3300 300 000
(AADT)

Number of lanes (in each 1 6
direction)

Investments for the project, 416 7 625014
thousands of EUR

Concession duration, years 13 75
Annual road maintenance costs, 78 500 60 000 000
thousands of EUR

Average toll price, EUR/km 0.01 4.56
Number of work places created 0 6000
during the project lifetime

economic aspects with more detailed explanation below:
qualitative criteria for environmental impact assessment
from K20 to K25; criteria for social impact assessment
from K26 to K28; criteria for economic impact assess-
ment from K29 to K32.

3. Modelling the effectiveness of PPP road infra-
structure projects by applying Random Forests

3.1. Random Forests methodology

A RF consists of decision trees that predict classes. A so-
lution tree used in a RF is called CART — a classification
and regression tree.

The main idea of building a RF is to build a precise
classifier by joining the decisions of multiple (7 in total)
binary decision trees grown by using different subsets of
data from the original data set Z, and randomly selected
subsets of attributes (each of them has ¢ attributes) from
the set of attributes xy, ..., x,. Such ensemble of binary
trees is resistant to overtraining and relearning when the
number of trees is growing. Generalization error converg-
es to the stable limit when the number of trees increases
(Breiman 2001a).

Using the database Z consisting of n observations
and p attributes, RF algorithm can be constructed by the
following steps:

1. Select the forest size ¢ as the maximum number of
tress and ¢ < p as the number of attributes to be used
in each tree.

2. A sample, which is most often made of = 2/3n
unique observations, is taken from Z by means of
repeated sampling, and ¢ attributes are selected at
random.

3. The CART type tree is grown by using part of the
data — the selected sample.

4. Steps 2 and 3 are repeated until the forest of 7 trees
is built.
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Attributes for each tree in the forest are provided to
classify the observation x of unseen data and decisions
are obtained. The obtained decision from each tree can
be regarded to be a vote and the final decision is made
by majority of votes.

Observations used in building the tree are memo-
rized in the process of RF growing. Left out observations
make the so-called out-of-bag (OOB) sample, which is
successfully used to calculate the RF prediction error. To
find the OOB error rate, each observation (x of the full
data set sample Z) is classified only to those trees, during
the growing of which the observation was not present.

The sum of class weights w always equals to 1. Dur-
ing the training the class weights are assumed distributed
evenly between the classes. However, if the distribution
between training data classes is different, weights of
classes are calculated from the equation:

Wk (n)=w® (n)Bkd(") k) (n)Bkd(”), (1)

where w(n) is k-th step weight, o B, = (1 — g,)/g is error
of weight assessment, g is class weight.

The decrease in accuracy and the Gini index are im-
portant indicators of result assessment in classification.
The mean decrease in accuracy R is calculated from the
equation:

R =3 X)) # )y @

where X is the function indicator; x = 1, when X(d(x,) #
Jn) 1s truth, x = 0, when X(d(x,) #j,) is untruth, and d(x)
is the classifier.

The Gini index g is calculated from the equation:

0SB (o

where p(j/f) is the probability of category j at the node ¢,
c(ilj) is the probability of category i in j prediction prob-
ability.

RF predicts the error rate by the evaluation of the
mean error. Computation error is referred to as the OOB
classification error. Every RF calculation leaves 10% of
input data unused, so there are 12.3% or almost 30% few-
er than logistic regression errors (Breiman 2001b).

Computer assisted modelling was carried out using
the RF Toolbox of MATLAB software.

3.2. Project effectiveness modelling: the perspective
of the private partner

RF application algorithm for PPP road infrastructure pro-
ject modelling is presented in Figure 2.

32 indicators (technical, financial, private partner se-
lection, sustainability assessment in terms of environmen-
tal, social and economic aspects) listed in Table 2 are the
input data X. The output data Y is a generalized project
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Table 2. Quantitative and qualitative assessment criteria

= Private partner’s Public partner’s
5 = perspective perspective
2 % g Criteria description o 2| g §0 0| o | g o g;n o Qo;o e
— 828|288~ =28 |=28|2¢8
1 2 3 4 5 6 8 9 10
K1 | Length of the newly constructed/reconstructed road, km 6 6 6 8 11 12
K2 | Average annual daily traffic (AADT), number 10 10 11 7 7 7
K3 | Lanes (each direction), number 25 25 - 13 13 13 13
g K4 | Type of road pavement, points (0,1,2) 31 - - 30 - - -
Z K5 | Road classification according to the category, points (0,1,2,3) | 19 18 - 18 | 17-18 | 18 -
LE K6 | Structural complexity of the project, points (0,1,2) 21 21 - 22 - - -
&= K7 | Toll collection system, points (0,1,2) 7 7 7 4 4 4 4
K8 | Material used for the road structures (viaducts, bridges, 28 - - 28 - - -
tunnels), points (0,1,2)
K9 | Complexity of the project engineering systems, points (0,1,2) | 24 24 - 20 15 14 14
K10 | Investments for the project implementation, EUR 5 4 5 3 3 3 3
O K11 | Project financing sources, points (0,1,2) 22 23 - 25 - - -
é K12 | Concession duration, years 11 11 10 10 9 8 8
<ZC K13 | Road exploitation expenses, % of the construction value 4 5 4 6 6 6 6
E K14 | Average toll price, EUR/km 3 3 5 5 5
K15 | Risk distribution between the private and public sector, 26 - - 29 - - -
points (0,1)
o K16 | Competencies of the private partner, points (0,1,2) 14 14 15 16 |17-18 | 17 17
; % K17 | Financial capacity of the private partner, points (0,1,2) 18 19 - 21 - - -
E g K18 Cr‘lterlon of suc?essfully 1mplemente-d projects, points (0,1,2) | 16 16 17 19 20 - -
K19 | Private partner risk management, points (0,1,2) 13 13 13 14 14 15 15
K20 | Road safety measures installed during the project 27 - - 26 - - -
construction, points (0,1,2)
g K21 | Noise reduction instruments, points (0,1,2) 20 20 - 23 - - -
% — | K22 | Traffic regulation and control measures installed during the 17 17 16 27 - - -
S St) project construction, points (0,1,2)
% E K23 | Surface water collection and wastewater treatment facilities 12 12 12 9 11 12 9
% - installed during the project construction, points (0,1,2)
% K24 | Urban landscape reconstruction after the project 29 - - 24 - - -
construction, points (0,1,2)
K25 | Measures for wildlife protection installed, points (0,1,2) 15 15 14 15 16 16 16
K26 | Workplaces created during and after the project 32 - - 32 - - -
é B implementation, number
O § K27 | Improvement of the local area image, points (0,1,2) 8 8 8 11 12 10 11
8 E K28 | Reaction of the society on the land acquisition for public 9 9 9 17 19 - -
use, points (0,1,2)
é K29 | Usage of local resources (materials), points (0,1) 30 - - 31 - - —
9 5 K30 | Innovative solutions, points (0,1,2) 23 22 - 12 10 9 10
CZD £ | K31 | Infrastructure development, points (0,1,2) 1 1 1 1 1 1 1
§ E K32 | Business development, points (0,1,2) 2 2 2 2 2 2 2
0
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effectiveness assessment measure taking into considera-
tion the financial aspect based on the information pro-
vided by concessionaires and other parties about the pro-
ject that was implemented in time without interruptions
and delays, is successfully operated and most often was
completed a few months before the anticipated contract
time. Based on the aforementioned data Y is divided into
2 classes:

- Class I: financially unsuccessful project when the
real cash flow was significantly lower than expected
and PPP contract was terminated within five years
since the start of the project. The database contains
7 unsuccessful projects.

- Class 2: financially successful project when the real
cash flow was approximately equal to or higher than
expected, the projects ran longer than five years. The
database contains 67 successful projects.
Modelling objective was to create RF model for

classifying all financially unsuccessful projects precisely
by 100% and to reach the minimal OOB classification
error for financially successful projects. RF parameters
at the initial modelling stage were chosen as default
settings recommended by RF methodology: number of
forest trees ntree = 1000, node splitting number mtry =
32 and class weights cutoff = 0.5 for Class 1 as well
as for Class 2. By observing RF stability and seeking
for the most accurate classification prediction, first of all

[ Start ]
v

Enter RF model main parametres: ntree,

<.
mtry, cutoff -~
!
Enter training set input data X and
output data Y Change of
\l/ model
parameters

‘ Supervised learning of RF model ‘

N

| Calculation of classification error OOB |

Is classification
accuracy
acceptable?

Criteria
elimination

\2

Criteria ranking

Is there a need for
criteria reduction?

]

Fig. 2. RF application algorithm for PPP road infrastructure
project modelling

the number of forest trees ntree was determined by test
track. Then the node splitting number mtry was reduced
gradually by 1, and finally the optimal class weights were
identified by using readjustment step size 0.001. At each
step of all above mentioned alterations, RF computations
were carried out for 10 times in order to check the RF
model stability and OOB classification accuracy. Finally,
the following parameters for initial stage of RF modelling
were selected: number of forest trees ntree = 10000, node
splitting number mtry = 2, class weights cutoff for Class
1 =0.1880, for Class 2 = 0.8120.

Stage I. The first modelling stage is carried out with
32 criteria. Calculation results are presented in Figure 3
and Figure 4. Priority ranking is presented in the 4 col-
umn of Table 2. Classification error is 5.41+1.35%. The
least significant criteria taking places 26+32 in priorities
line are left out.

Stage I1. The Gini priority order with 25 criteria ob-
tained in the modelling from private partner’s perspective
is presented in the 5™ column of Table 2. Classification
error is 5.4140.01%. The least significant criteria taking
places 18+25 in priorities line are left out.

Stage III. The third stage modelling is carried out
with 17 criteria. The Gini priority ranking is present-
ed in the 6™ column of Table 2. Classification error is
5.41+0.02%. Classification error increases, if the number
of criteria is further reduced, thus, this is the final RF
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model for PPP road infrastructure projects effectiveness
from the perspective of the private sector.

3.3. Project effectiveness modelling: the perspective
of the public sector

32 indicators (technical, financial, private partner selec-
tion, sustainability assessment in terms of environmental,
social and economic aspects) listed in Table 2 are the in-
put data X. The output data Y is a generalized project ef-
fectiveness assessment measure taking into consideration
the sustainability aspect according to the generalized out-
put data of environmental, social and economic impacts.
Based on the results of the three components, Y is divided
into 2 classes:

- Class I: not sustainable projects when all three el-
ements of sustainability (environmental, social and
economic) have negative results or only one of the
three elements has a positive result. There are 12 un-
sustainable projects in the database.

— Class 2: sustainable projects when all three elements
of sustainability (environmental, social and econom-
ic) have positive results or at least two elements are
evaluated positively. There are 62 sustainable pro-
jects in the database.

Modelling objective was to create RF model for clas-
sifying all not sustainable projects precisely by 100% and
to reach the minimal OOB classification error for sus-
tainable projects. By applying the same modelling pro-
cedures as described in Section 4.2, the following param-
eters for initial RF model were selected: number of forest
trees ntree = 7000, node splitting number mtry = 4, class
weights cutoff for Class 1 = 0.20 and for Class 2 = 0.80.

Stage I. RF modelling is carried out with 32 criteria.
Classification error is 4.05+0.02%. The priority order of
the most significant criteria from the perspective of the
public sector is presented in the 7 column of Table 2. Cri-
teria taking places 21+32 of the priority line are left out.

Stage I1I. The modelling from the perspective of the
public sector with 20 criteria is run; the results are pre-
sented in the 8™ column of Table 2. The priority order of
criteria is made. The least significant criteria 19, 20 are
left out. Classification error is 2.70+0.02%.

Stage III. The modelling with 18 criteria is run; the
results are presented in the 9™ column of Table 2. Classi-
fication error is 2.70+0.02%. The least significant criteria
18 are left out.

Stage IV. The modelling with 17 criteria is run; the
results are presented in the 10™ column of Table 2. Clas-
sification error is 1.35+0.02%. Classification error increas-
es, if the number of criteria is further reduced, thus, this
is the final RF model for PPP road infrastructure projects
effectiveness from the perspective of the public sector.

4. Results and discussion

Application of RF methodology was proved by compari-
son of RF with other two artificial intelligence techniques.
In the initial phase the PPP road projects effectiveness

R. Rudzianskaité—Kvaraciejiené et al. Modelling the effectiveness of PPP road infrastructure projects...

modelling was carried out by applying random forests
(RF), artificial neural networks (ANN), and support vec-
tor machines (SVM). Computer modeling was performed
using RF, ANN, SVM Toolboxes of MATLAB software,
by using the same input criteria X presented in Table 2.
Output data ¥ was the same as described in Section 3.2
for project efficiency modelling from private partner per-
spective and the same as described in Section 3.3 for pro-
ject efficiency modelling from public sector perspective.
The classification errors were calculated for the test data.
PPP road infrastructure projects’ effectiveness modelling
results are presented in Table 3. All three methods gener-
ated similar priority order of the most significant crite-
ria, but the classification accuracy of RF was the highest,
thus, RF method was selected for further calculations.

Table 3. PPP road infrastructure projects’ effectiveness
modelling

Classification error of RF ANN SVM
models from perspective 541 20.60 28 44
of private partner £135% | £0.01% | +0.02%
Classification error of RF ANN SVM
models from perspective 4.05 18.50 35.13
of public sector +0.02% | £0.01% | =0.02%

The final research results are based on two different
RF models. RF models for financial and sustainability
assessments differ by the following parameters: number
of trees in random forests, number of attributes used for
node splitting, stability of the forest, class weights and
the number of output data criteria (Table 4).

The obtained modelling results from the perspective
of the private partner confirmed the evaluation PPP road
infrastructure project effectiveness model developed by
the authors according to the key areas of assessment: tech-
nical and financial assessment of the project, the selection
of the private partner and environment, social and eco-
nomic components of sustainability as well as integrated
assessment by 32 key quantitative and qualitative indica-
tors of those areas. The 17 most significant criteria were

Table 4. The final research results

Private partner‘s | Public sector
RF model characteristics assessment assessment
perspective perspective
RF tree number 10 000 7000
Number of randomly 2 4
selected variables at each
node
Input variable number 17 17
Number of classes 2 2
Class weights:
Class 1 0.1880 0.20
Class 2 0.8120 0.80
RF stability (Number of 2400 1600
RF trees)
Classification error 5.41+£0.02% 1.35+0.02%
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Table 5. The priority order of the most significant criteria
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Assessment o Private partner perspective | Public sector perspective
No. Criteria
arca Gini index | Priority order | Gini index | Priority order
1 | Technical Length of the newly constructed/reconstructed 0.8133 6 0.3029 12
assessment road
Average annual daily traffic (AADT) 0.4729 11 0.4467 7
Toll collection system 0.6724 7 0.7511
Lanes (each direction) - - 0.2540 13
Complexity of the project engineering systems - - 0.2172 14
2 | Financial Investments for the project implementation 0.8400 5 0.7959
assessment Concession duration 0.4885 10 0.3643 8
Road exploitation expenses 0.8654 4 0.5066 6
Average toll price, EUR/km 1.0368 3 0.5998 5
3 | Private partner | Competencies of the private partner 0.3275 15 0.1154 17
Criterion of successfully implemented projects 0.2784 17 - -
Private partner risk management 0.3979 13 0.1718 15
4 | Environmental | Traffic regulation and control measures 0.3066 16 - -
impact installed during the project construction
Surface water collection and wastewater 0.4238 12 0.3213 9
treatment facilities installed during the project
construction
Measures for wildlife protection installed 0.3554 14 0.1160 16
5 | Economical Innovative solutions - - 0.3137 10
impact Infrastructure development 2.1034 1 8.1341 1
Business development 1.8798 2 6.1278 2
6 | Social impact | Improvement of the local area image 0.5496 8 0.3040 11
Reaction of the society on the land 0.5416 9 - -
acquisition for public use

selected for the future classification of the projects into
two classes: unsuccessful and successful projects in terms
of financial performance. The model for project sustain-
ability assessment was developed to classify the problem
into two classes: not sustainable and sustainable projects.

The obtained calculation results proved theoretical
considerations of the authors to assess road projects in an
integrated manner not only by environmental, social and
economic elements of sustainability, but also by techni-
cal and financial evaluation as well as by the selection
of the private partner. The classification of the projects
into sustainable and not sustainable demonstrated that the
level of sustainability is directly related with the technical
characteristics of the project, and the final result of the
project also depends on the competent private partner,
whose experience and risk management guarantees the
success and sustainability of the project.

The most important assessment of the future project
performance from the perspectives both of the private
partner and the public sector is the integrated assessment
by the major assessment areas, namely technical, finan-
cial, private partner selection, environmental, social and
economic. The priority order of the most significant cri-
teria from the private partner’s and the public sector per-
spectives are presented in Table 5.

Conclusions

1. PPP infrastructure construction projects are recom-
mended to be assessed in the integrated manner

through the evaluation of financial, technical, private
partner selection criteria, as well as sustainability as-
pects by using PPP effectiveness evaluation model
proposed by the authors.

Project effectiveness evaluation model takes into
consideration two aspects of assessment, namely
the private partner perspective and the perspective
of the public sector.

Novel approach of RF methodology was success-
fully applied for the effectiveness modelling of PPP
road infrastructure modelling.

Calculation results confirmed PPP road infrastruc-
ture project effectiveness evaluation model devel-
oped by the authors according to the following key
areas of assessment: technical and financial assess-
ment, private partner selection and environmental,
social and economic elements of sustainability. In
the assessment of project performance from the per-
spectives of the private partner and the public sec-
tor the following priority order of key criteria was
established: infrastructure development, business
development, average toll price, road maintenance
costs, project investments, road length, toll collec-
tion system, improvement the image of the local
area, concession time, average annual daily traffic,
surface water collection and wastewater treatment
facilities, private partner’s risk management, meas-
ures for wildlife protection installations, competen-
cies of the private partner. Traffic regulations and
control measures installations during the projects
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construction criterion of successfully implemented
projects by the private partner and reaction of the
society on the land acquisition for public use are
also important for the private partner. Number of
road lanes and project engineering systems com-
plexity criteria are important for the public partner.

5. RF model developed by authors is recommended
to use in the early stage of feasibility studies for
the future prediction of PPP road infrastructure
projects effectiveness from the perspective of pri-
vate partner as well as the public sector.
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