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ABSTRACT-- The objective of this work is to develop a decision-making tool for enterprises 

particularly SME (Small and Medium Enterprises) and LE (Large Enterprise) in order to orient 

them when bidding for public procurement. In clear, this work consists of building an effective 

classifier capable of providing the probabilities of winning a contract by a SME and by a large 

enterprise (LE). To achieve that, three methods of supervised machine learning very 

widespread for their performance were used namely random forests, neural network and naïve 

bayes.  

The results given by the three methods were compared in order to choose the best method for our 

study. The algorithm of the chosen method will be integrated into a software agent operating 

within an e-procurement multi-agents system to automate the decision-making tool.  This will 

allow SME and LE to refer to a Full-Web system whenever they will want to have an estimation 

of their chances to win a contract. 
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1. INTRODUCTION  

 

Public procurement is a major outlet for the businesses hence the importance that they attach to 

the contracting process [1][2][3]. There are several modes of the awarding of contracts including 

tendering [4]. These modes are the channel through which businesses access to public 

procurement which is vital to their growth, prosperity and beyond their survival [5]. Tendering, 

due its characteristics, has become the natural mode for awarding public procurement [6]. 

The preparation of a tender for taking part in the tendering process is costly in terms of time, 

human and financial resources [7]. Thus, participation in a tendering without winning is a 

significant loss for businesses especially for small and medium enterprises which have very 
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limited human and financial resources and several difficulties in accessing public procurement 

[8][9]. 

 

This work consists of building a decision-making tool for small and medium enterprise and large 

enterprise in order to guide them towards specific contracts where their chances of winning are 

great. This approach is very beneficial for businesses especially for small and medium 

enterprises given their difficulties in accessing public contracts [10].  

For the implementation of the proposed decision-making tool, the best supervised machine 

learning method in terms of prediction quality among those applied will be used to build a 

powerful classifier. The role of this classifier is to predict the probabilities of winning a contract 

by a business.  

 

In literature revue, many previous research cover the access of businesses particularly small and 

medium enterprises to public procurement. In 2011, Swedish Agency for Economic and 

Regional Growth conducted a survey which concluded that only 12 percent of small and micro 

enterprises had participated in a public procurement during the last 12 months in Sweden and 

only 43 percent of medium-sized enterprises had participated [11]. Tiong, Yeo and McCarthy 

made an investigation about the success factors in winning BOT (build‐operate‐transfer) 

contracts [12]. They found six success factors namely entrepreneurship, picking the right project, 

a strong team of stakeholders, an imaginative technical solution, a competitive financial 

proposal, and the inclusion of special features in the bid. This work is a decision support tool that 

will allow businesses to increase their chances to win contracts. Panga and Kazungu conducted a 

study about small and medium enterprises’ access to public procurement in Tanzania. The aim of 

this study is to show how SMEs can be empowered to effectively make use of the available 

public procurement opportunities. Specifically this study determines the participation of SMEs in 

public procurement opportunities, stumbles on the benefits of public procurement opportunities 

to SMEs, and examines the challenges facing SMEs’ access to such opportunities [13]. They 

used descriptive statistic in the conduct of this study. 

Bee-Lan, Derek and Hing-Po studied contractor’s decision to bid behaviour in public 

construction contracts. They compared the results of the cases of Hong Kong and Singapore 

according to two extreme market conditions scenarios (booming and recession)[14]. In this work, 

they used machine learning concepts to develop a logit model for modeling the probability of a 

contractor’s decision to bid in response to the two extreme market conditions scenarios. Stake 

studied the measures aimed to increase SME participation in public procurement and what 

implications these have for both SME's and larger enterprises [15]. This investigation is 

performed using multinomial logistic regression and a dataset consisting of a representative 

sample of all procurements conducted during 2007-2008. 

The contribution of this work is, on the one hand, to perform several machine learning methods 

and choose the best method for building an effective classifier able to give the probabilities of 

winning a contract and on the other hand to integrate this classifier in a multi-agents system for 

its automation.  

 

The remainder of this paper is structured as follows. Section 2 provides a presentation of public 

procurement and tendering. Section 3 gives a description of machine learning methods used in 

this paper. Section 4 describes the dataset used to build the classifier. The experimental 

implementation and results’ interpretation are presented in section 5. The modeling of software 
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agents involved in the automation of the decision making tool is described in section 6. The 

paper ends with concluding remarks and avenues for future research in section 6. 

 

 

2. PUBLIC PROCUREMENT AND TENDERING 

 

All public administrations in order to ensure their public service tasks need to purchase goods or 

services or to execute work. These purchases designated by the term "public procurement", are a 

major focus of relations between public administrations and businesses and play a considerable 

role in the economy. Public procurement has a significant economic weight [16] estimated at 

20% of global GDP [17]. There are three main types of contracts: 

 Work Contracts 

 Service Contracts 

 Good Contracts 

Regarding tendering, it can be defined as a process that allows the sponsor to emit a request for 

works, goods and services to businesses and choose the provider after analysis of proposals 

according to predetermined criteria without negotiation [18]. The goal is to put several 

businesses in competition in order to choose the one that proposes the best tender.  

There are two main types of tendering: the open tendering (any business can submit a bid) and 

restricted tendering (only preselected businesses can submit bids) [19].  

 

 

 

3. PRESENTATION OF MACHINE LEARNING METHODS USED 

Statistical (machine) learning denotes a set of methods aimed at analyzing, interpreting and 

predicting a phenomenon based on a sample of instances described by 𝐽 independent or 

explanatory variables. 

 

 Let  ℒ𝑛 = { 𝑥1,𝑦1 ,… ,  𝑥𝑛 , 𝑦𝑛 } be a sample of training; i.e. a series of independent and 

identically distributed (i.i.d) random variables having the same distribution as a random vector 

 𝑋,𝑌  which distribution is unknown. Let 𝐗 and 𝐘 be respectively spaces in which live the 

random variables 𝑋 and 𝑌.  

For every new input x =  𝑥1,… , 𝑥𝑛 ∈ 𝐗, the aim of supervised machine learning is to 

predict y  ∈ 𝐘. Depending on the space 𝐘, supervised learning is: 

 

 a regression if 𝑦 ∈  ℝ 

 a classification if 𝑦 ∈ {𝐶𝑘}1≤𝑘≤𝐾 where 𝐶𝑘  represent the classes (categories) 

 

3.1 Random Forests 

Random forests are a new statistical (machine) learning method introduced by Leo Breiman [20]. 

This new method of statistical learning is based on the Bagging method. The Bagging involves 
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dividing the training sample into sub-samples, applying  a method of predicting on each sub-

sample and aggregating the results obtained at sub-samples level [21].   

 

Let 𝐶 𝑡 x𝑖   be the class predicted by the 𝑡𝑖𝑡  tree in the forest for a new entry x𝑖 . The predicted 

class for this new entry x𝑖  given by trees of the forest in the case of classification is obtained by 

the following formula: 

 

                                              𝐶 𝑘 x𝑖 = majority vote of the set {𝐶 𝑡 x𝑖 } 1≤𝑡≤𝑞                                    (1) 

 

Besides the building of a predictor, the algorithm of Random Forests calculates an estimation of 

its generalization error: error Out-Of-Bag (OOB). Let (x𝑖 , y𝑖) be an observation of the 

sample ℒ𝑛 . Let consider the set of trees constructed on sub-samples do not contain this 

observation (these sub-samples constitute the sample OBB). Then, only the predictions of sub 

samples of the OBB sample are used to construct a prediction 𝑌 𝑖𝑂𝑂𝐵  of y𝑖 . In the case of a 

classification, error Out-Of-Bag is obtained by: 

 

                                              𝐸𝑂𝑂𝐵 =
1

𝑛
 𝑇𝑖

𝑛

𝑖=1

 𝑤𝑒𝑟𝑒 𝑇𝑖 =  
1 𝑖𝑓 𝑌 𝑖𝑂𝑂𝐵 ≠ y𝑖  

0 𝑖𝑓 𝑌 𝑖𝑂𝑂𝐵 = y𝑖
                                      (2)  

 

Let consider a variable 𝑋𝑗 , a subsample ℒ𝑛
Θ𝑙  and the associated sample 𝑂𝑂𝐵𝑙 . The error 

𝐸𝑂𝑂𝐵
𝑙  committed on 𝑂𝑂𝐵𝑙  by the tree built on ℒ𝑛

Θ𝑙  is calculated and a random permutation of the 

values of variable  𝑋𝑗    in the sample 𝑂𝑂𝐵𝑙  is made to obtain a disrupted sample 𝑂𝑂𝐵𝑙 𝑗
. The 

error of the disrupted sample 𝑂𝑂𝐵𝑙 𝑗
 noted  𝐸

𝑂𝑂𝐵𝑙 𝑗
𝑙  is calculated. 

 

The same operation is done for all sub samples. The importance of the variable 𝑋𝑗  noted 𝐼𝑚𝑝(𝑋𝑗 ) 
is obtained by the following formula: 

 

                                                       𝐼𝑚𝑝  𝑋𝑗   =
1

𝑞
  𝐸

𝑂𝑂𝐵𝑙 𝑗
𝑙 − 𝐸𝑂𝑂𝐵

𝑙  

𝑞

𝑙=1

                                               (3) 

 

 

3.2 Neural Network 

A neural network is a structure composed of several neurons connected to each other and 

exchanging information via connections that connect them. As neural model, multilayer 

perceptron will be used. It is the most widespread and gives good results [22-23]. 

 

Multilayer perceptron are organized in successive layers and each of which includes the neurons 

which are not interconnected. FIG.1 presents an example of a multilayer perceptron with two 

hidden layers: 
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Fig 1: Multilayer Perceptron 

 

Let consider the following notations: 

 𝛰 : the set of possible outputs of neurons. 

 𝜊𝑖  : the output of the neuron 𝑖 ;  𝜊𝑖  ∈  𝛰.  

 𝑓𝑖  : (the transfer function associated with neuron 𝑖. 

 𝑠𝑖  : the input of neuron 𝑖 ; 𝑠𝑖  ∈ ℝ  

 𝑊: the set of weights of the multilayer perceptron  

 𝜔𝑖𝑗  : the weight of the connection from neuron 𝑖  toward the neuron 𝑗  

After receiving the information from 𝑛𝑖  neurons, the output of the neuron 𝑖 is defined by the 

following formula: 

 

                                            𝑜𝑖 = 𝑓𝑖   𝑠𝑖    where    𝑠𝑖 =   𝜔𝑖𝑗

𝑛𝑖

𝑗=1

∗ 𝑜𝑗   − 𝜔𝑖0                                     (4) 

 

Where 𝜔𝑖0 is an additional weight called the bias coefficient related to the bias 𝜊0 where 𝜊0=-1.  

 

The multilayer perceptron approximates the mathematical expectation of the conditional random 

variable 𝑌/x. The approximation of the mathematical expectation of the conditional variable 𝑌/x 

for the  𝑘𝑖𝑡  component is given by the following formula: 

 

                                                    𝐸(𝑌/x)𝑘 = 𝑎 ∗ 𝑃(𝐶𝑘/x) + b ∗ (1− 𝑃(𝐶𝑘/x))                                  (5) 
 

Where 𝑃(𝐶𝑘/x) represents the a posteriori probability of membership of the observation x to the 

class 𝐶𝑘  .The output of a neuron 𝑘 of the output layer at the end of training is an approximation 

of the mathematical expectation 𝐸(𝑌/x)𝑘 . 

 

3.3 Naïve Bayes 

A Naive Bayes classifier is a simple probabilistic classifier based on applying Bayes' theorem 

with strong (naive) independence assumption. Given a problem instance to be classified 𝑋 =
(𝑥1, 𝑥2,… , 𝑥𝑛) representing n independent variables, it assigns to this instance probabilities: 
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                                                    𝑃 𝐶𝑘  𝑥1,… , 𝑥𝑛  , for each of k classes                                                (6) 
 

Naive Bayes classifier assumes that the presence (or absence) of a particular feature of a class is 

unrelated to the presence (or absence) of any other feature, given the class variable.  

Naïve-Bayes has been used as an effective classifier. It is easy to construct Naïve Bayes 

classifier as compared to other classifiers because the structure is given a priori and hence no 

structure learning procedure is required. Naïve Bayes assumes that all the features are 

independent of each other. 

An advantage of the naive Bayes classifier is that it only requires a small amount of training data 

to estimate the parameters necessary for classification. Naïve Bayes is based on Bayes theorem 

defined as follows: 

 

                                                                 𝑃 𝐶𝑘  𝑥 =
𝑃 𝐶𝑘 ∗ 𝑃 𝑥 𝐶𝑘 

𝑃 𝑥 
                                                   (7)  

 

By using Bayes theorem and under the independence assumption, the probabilities define in x 

become as follows: 

                                                  𝑃 𝐶𝑘  𝑥1,… , 𝑥𝑛 =  
𝑃 𝐶𝑘 ∗  𝑃 𝑥𝑖 𝐶𝑘 

𝑛
𝑖=1

𝑃 𝑥1,… , 𝑥𝑛 
                                        (8) 

To build the naïve bayes classifier, the naïve bayes probabilities model defined in y is combined 

with a decision rule. For example, by using the maximum a posteriori decision rule, the naïve 

bayes classifier is the function that assigns a class label 𝑦 =  𝐶𝑘  for some k as follows: 

                                              𝑦 =  𝑎𝑟𝑔𝑚𝑎𝑥  𝑃 𝐶𝑘 ∗ 𝑃 𝑥𝑖 𝐶𝑘 

𝑛

𝑖=1

 

1≤𝑘≤𝐾

                                        (9) 

 

 

4.  THE DATASET USED FOR THE  BUILDING OF THE CLASSIFIER 

4.1 Definition of the variables of the dataset 

In this work, the outcome (dependent) variable designates two main categories of enterprise. 

There are several categorizations of enterprises. The categorization chosen for this study is the 

categorization by size which is based on two main criteria: 

 The number of employees of the enterprise 

 The annual turnover or balance sheet total of the enterprise 

The classification adopted in this research work is as follows: 

 Small and Medium Enterprise (SME) 

 Large Enterprise  (LE) 

Thus, the dependent variable is a categorical variable with two modalities (SME and LE). 
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The variables which influence the wining of a tendering by an enterprise will be defined as 

independent variables. The independent variables which will be used in the model for 

discriminating between public contracts are: 

 the amount of the contract 

 the  type of contract (Work, Service, Good) 

 the delivery  

 the turnover required  

 the geographical distance between the public administration and the business 

 the contract awarding year 

 the public entity (ministries, presidency,…) 

 

The first five variables were mentioned in many studies as factors which  influence the chances 

of winning a contract by an enterprise [7]. The variable "contract awarding year" was introduced 

because in recent years many countries are gradually putting in place policies to facilitate  the 

access of SME to public procurement [1, 5, 24]. These policies influence the access of SME and 

LE to public procurement. Regarding the variable "Public Entity", it was introduced to take into 

account that certain public entities prefer working with large enterprise[24]. 

 

4.2 The dataset used 

The statistical (machine) learning methods require a data set that is usually divided at least into 

two parts, one for training in order to build the classifier and the other to test the established 

classifier[25–29]. This test is important because it allows testing the capacity of the classifier to 

classify new data apart from those on which the training has been done.  

Many organizations have data about concluded contracts but the main organization which 

possesses these data is the State treasury. In many countries, the State treasury gives some 

statistics covering the concluded public contracts. By way of example, according to figures 

published by the French Ministry of Economy and Finance through its service OEAP (Economic 

Observatory for Public Procurement) in collaboration with the State Treasury, 1,270,253 

contracts were concluded between 2004 and 2013, an average of 127,025 contracts per year
1
. In 

Canada, according to figures provided by the Treasury Board of Canada Secretariat, 3,794,771 

contracts were concluded between 2003 and 2012, an average of 379,477 contracts per year
2
.  

 

For this study, the dataset contains 4335 contracts concluded between 2010 and 2013. The 

dependent (outcome) variable has two modalities (small and medium enterprises and large 

enterprises). Thus, this data set divides the concluded contracts into two groups (classes): the 

class of contracts won by small and medium enterprises and the one of contracts won by large 

enterprises.  

 

 

 

 

 

                                                 
1
 http://www.economie.gouv.fr/daj/oeap-recensement-economique-achat-public  

2
 http://www.tbs-sct.gc.ca/pubs_pol/dcgpubs/con_data/siglist-fra.asp 
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5. EXPERIMENTAL IMPLEMENTATION AND INTERPREATION OF RESULTS 

In this section, the classification is performed by using the machine learning methods presented 

and the results are discussed. 

 

5.1 Methodology 

Weeka toolkit and R are used in this research work for implementing classification of several 

contracts concluded into contract won by small and medium enterprises and contract won by 

large enterprises. The dataset was divided into two parts, one dedicated to training and the other 

to the test. The dataset for training contains 70% of the samples (3034 samples) and the one to 

test the classifier includes 30% of the samples (1301 samples).  

In this study, classification accuracy, training time, recall and precision values [30-31] are 

considered for performance evaluation of the three machine learning methods. These parameters 

are defined as follows: 

 Classification Accuracy: It is the percentage of correctly classified samples over all 

classified samples.  

 Training Time: It is the total time taken for training of a machine learning classifier and it 

is measured in seconds in this work. 

 Recall: It is the proportion of samples of a particular class C correctly classified as 

belonging to that class C. It is equivalent to True Positive Rate (TPR).  

 Precision: It is the proportion of the samples which truly have class c among all those 

which were classified as class c. 

 

5.2 Analysis and Interpretation of results 

The results given are displayed in the Table 1. For each method, the train data set is used to train 

the classifier and the classifier is tested using test data set. The table 4 displays classification 

accuracy, training time, recall and precision values of Naïve Bayes, Neural Network (multi-layer 

perceptron) and random forests. 

 

Table1. The values of performance’s indicators for the three methods 

 Classification 

accuracy (%) 
Training Time 

(seconds) 
Recall Precision 

Naïve Bayes 54.28 0.13 0.537 0.728 

Neural network  65.02 7.76  0.643 0.658 

Random Forests 78.41 4.89 0.796 0.797 

 

From table 1, the best classification accuracy is provided by random forests confirming the 

power of this method and its training time is 4.49 seconds.  
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Neural network (multi-layer perceptron) has classification accuracy of 65.02% lower than the 

one of random forests and its training time (7.76 seconds) is higher than the one of random 

forests. 

Naïve Bayes is the most speed method with a training time of 0.13 seconds but its classification 

accuracy (54.28%) is very small as compared to those of random forests and neural network. As 

compared to the others methods, random forest clearly gives better performance in terms of 

classification accuracy. 

 

Concerning recall and precision values, random forests gives respectively 0.796 and 0.797 better 

than those given by multilayer perceptron and naïve bayes.  

 

As conclusion, the best method of this work is random forests according to its good performance. 

Thus, it will be integrated in an agent operating within a multi-agents system which is 

developing for public procurement. 

 
 

6. MODELING SOFTWARE AGENTS FOR THE AUTOMATION OF THE 

DECISION MAKING TOOL 

The proposed decision-making tool is a component of a multi-agents computer system dedicated 

to e-procurement. The five following agents are those involved in the automation of the proposed 

tool: 

 

 Interface Enterprise Agent (IEA): This agent manages the interactions between 

enterprises and the system. It identifies and captures the requests transmitted by 

enterprises and transmits them to Planner Agent (PLA). It is also responsible for the 

preparation of graphical interfaces to facilitate interactions between enterprises and the 

system. 

 

 Planner Agent (PLA): This agent ensures the proper functioning of the system by 

planning the different tasks and assigning them to different agents. 

 

 Users Profiles Management Agent (UPMA): The role of the agent UPMA involves 

initializing, storing and processing of user profiles.  

 

 Machine learning Agent (MLA): Agent MLA implements the classification method on 

the dataset to build the classifier. Whenever an enterprise is interested in a contract it 

gives the probabilities to win the contract by the different categories of businesses (SME 

and LE). 

 

 Data set Management Sub-Agent (DMSA): Given the importance of the data set and its 

update, agent SLA has the sub-agent DMSA which is responsible for managing the data 

set by adding the new contracts that has been already)concluded. 
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The sequences diagram in Fig .1 shows the operation process of the proposed decision support 

tool and the interactions between agents of the system which take part in its automation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 
 

 

 

 
 

 

 
 

 

 

 

HTTP Message 

FIPA-ACL Message 
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Dataset Management Sub-Agent 

 
Enterprise  
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win the contract 
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enterprise's ID and the 

requested service 
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Interface  

Enterprise Agent 

 
 

 

 

 
FIG 2:  Sequences diagram of operation of the decision support tool 
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7. CONCLUSION 

Businesses contribute significantly in the socio-economic development of countries. However, 

their lives and survivals depend on their access to public procurement hence the importance of 

this work which is a decision support tool made available to businesses. 

Businesses work very hard to search for contracts, prepare the tender documents and follow the 

tendering process to completion. Thus, do not win a contract after participating in a tendering is a 

significant loss for businesses particularly for small and medium enterprises which have very 

limited financial and human resources. 

The classifier will give the probabilities of winning a contract by the small and medium 

enterprises (SME) and by the large enterprises (LE). The enterprise, according to the category 

(SME or LE) to which it belongs, will decide whether to participate or not in the tendering to win 

the contract. The best decision is to not participate if the probability of winning the contract of 

the category to which it belongs is low. This decision support tool for guiding enterprises by 

giving them the probabilities of winning a contract is a solution able to avoid them considerable 

losses, which will have positive effects on economic prosperity of enterprises and countries. 

 

As perspectives, we plan to expand the prediction model by adding other independent variables 

and increasing the number of dependent variable’s modalities. We also plan to test others 

machine learning methods and increase the size of the data set by working with a data set which 

contains all contracts concluded over several years. We also envisage make evolve this work 

towards a classifier able to give the probability of winning a contract by a business and not by a 

business category. 
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