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Abstract: In the dynamic realm of agribusiness construction, firms are striving to bolster their operational 
efficiency and profitability amidst the global shift from traditional farming to commercial agriculture. This 
transition has intensified the demand for sophisticated infrastructure development, presenting new challenges 
for commercial managers. A critical hurdle is the accurate estimation of profitability for prospective contracts, 
a task often reliant on intuition rather than data-driven methods. To address this, we propose the development 
of a mathematical model utilising machine learning techniques to predict contract profitability and identify 
influential factors. This model aims to aid in bid decision-making, financial forecasting, and enhancing 
competitiveness in the marketplace. Furthermore, it would provide valuable insights into how altering specific 
contract attributes might affect predicted profitability. The implementation of such a system necessitates close 
collaboration between IT professionals and construction executives. This study delineates the development of 
this predictive model, outlining the data analysis process and the application of machine learning algorithms 
to tackle this complex commercial challenge. The ultimate goal is to bridge the gap between intuitive estimation 
and data-driven prediction, thereby enhancing the financial performance and strategic decision-making 
capabilities of firms in the agribusiness construction sector. 

Keywords: agribusiness construction; contract profitability prediction; machine learning; vector 
space model; Kernel Ridge Regression (KRR); driven decision making 

 

Introduction 

In the global agricultural landscape, construction plays a pivotal role in developing robust 
agricultural economies, particularly in emerging markets. This is evident in the need for effective 
infrastructure for producing and storing agricultural products. Agricultural construction 
encompasses a broad spectrum of projects, ranging from major initiatives that have immediate effect 
on cultivators’ work capabilities, such as barns, silos, seed and grain processing facilities, and 
livestock production units, to secondary projects involving essential infrastructure like large 
warehouses and transport networks. As the agricultural sector evolves, construction firms 
specialising in agribusiness face the challenge of estimating expected profits on prospective contracts 
in an increasingly competitive market. This crucial task informs bidding decisions, including whether 
to pursue an agreement and the nature and amount of the offer. Accurately forecasting profitability 
remains essential for informed decision-making prior to submitting any bid. The transformation of 
the agricultural sector in developing economies has ushered in a new era where profit is no longer 
considered taboo, necessitating more sophisticated approaches to contract management and 
profitability prediction in agribusiness construction. Because contracts come in a variety of sizes, 
shapes, and forms, as well as from different types of employment, it can be challenging to estimate 
how profitable a potential contract will be. Moreover, while some agribusiness construction 
businesses focus exclusively on a single kind of work, others accept a wide range of projects of all 
sizes. Furthermore, the client's attitude would undoubtedly affect a contract's profitability. Some may 
be less strict because of internal issues. 
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The profitability of a contract is significantly impacted by internal management. Profitability is 
impacted by how well the employees allocated to the construction project perform. The profitability 
of a contract is also influenced by personnel availability, productivity, and suppliers. Moreover, on 
medium-to large-scale contracts, the majority of agriculture construction companies use 
subcontractors, or other businesses, for more than half of the work, and occasionally for the majority 
of the job. If subcontractors' performance is not properly controlled, it can have a significant impact 
on a contract's profitability. 

Finally, in addition to contract types and internal management, unanticipated events may have 
an impact on a contract's profitability. For instance, the timely completion of a contract and the 
availability of labour may alter due to new municipal or government initiatives. A sudden increase 
in oil prices will drive up the cost of a contract if it requires specialised components from a far-off 
source. If the extra cost cannot be passed on to the client, the profitability will be negatively impacted. 
Since the majority of the work is done "off road," there are more unknowns in agricultural building. 
Agribusiness construction businesses are expanding their operations into developing nations as a 
result of the globalisation of the agribusiness industry.  

Businesses now face more risk as a result of this internationalisation since developing nations 
present more uncertainty. Approvals and permits, modifications to laws and policies, law 
enforcement, the creditworthiness of local partners, political unpredictability, increased inflation, 
fluctuating interest rates, and government influence over dispute settlement are additional risk 
concerns. 

Traditional programming methods using if-then-else logic are inadequate for predicting contract 
profitability due to the complexity and multitude of variables involved. Machine Learning has 
emerged as a valuable tool in business research to address such challenges. While commonly used in 
finance and marketing, machine learning is now finding applications in sectors like healthcare. The 
system's goals are twofold: to forecast the expected profitability of contracts at their inception and to 
identify the key contract attributes that significantly impact profitability. The absence of existing 
models in this specific area necessitated the creation of an original system. The paper outlines the 
developed system and the data analysis process, demonstrating how modern methods can be applied 
to solve a real-world problem. 

Management of contracts 

Construction contracts typically fall into two categories: fixed-price and cost-plus. Fixed-price 
contracts incentivize cost reduction but may lead to renegotiation issues when project modifications 
are needed. Cost-plus contracts offer flexibility as the client maintains project control, but they 
provide little motivation for cost-saving since the construction company recovers all expenses. 

In agribusiness construction, Quantity Surveyors (QS) evaluate contract values and oversee 
costs, revenues, and unexpected issues that might impact profitability. They regularly submit Cost 
Value Reconciliation (CVR) reports to keep management informed about contract progress. 
Commercial managers, often experienced QSs, aid in bidding for new contracts and managing 
ongoing ones. The QS's role involves monitoring financial aspects, addressing unforeseen 
circumstances, and providing periodic updates to management through CVR reports. 

Using Enterprise Resource Planning (ERP) systems became one of the most widespread 
organisational reform initiatives of the final decade of the 20th century. ERP allows a business to 
manage the effective and efficient use of resources (materials, human resources, money, etc.). The 
software's architecture makes it easier for modules to integrate transparently and provide 
information flow that is consistently visible across all processes inside the construction organisation. 
Construction companies can replace or re-engineer their generally incompatible legacy information 
systems with a single integrated system by utilising corporate computing in conjunction with ERP 
systems. 

Implementing an ERP system in a large agribusiness construction firm is a significant 
undertaking, typically spanning one to three years and costing substantial amounts. Many industry 
experts believe that ERP implementations in large construction firms often result in more failures 
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than successes. ERP systems profoundly impact employees, altering task nature, workflows, and 
sometimes entire job roles. Work is tough and frequently requires working around the clock to meet 
tight deadlines. Project personnel primarily focus on completing work quickly to decrease duration. 
In this environment, it is challenging for individuals to respond creatively to proposed changes. 
Major changes inevitably lead to complications. Despite these challenges, an increasing number of 
agribusiness construction companies are adopting ERP systems, not as an end goal, but as a means 
to achieve organizational objectives. 

The process of managing a contract within an ERP system begins with entering a prospective 
contract into the Contract Status Ledger. Once the company decides to proceed and legal agreements 
are finalised, BOQ is introduced which lists items of work. Quantity Surveyor is responsible for 
updates of the completion percentages. Principal Quantity Surveyor (PQS) of the client reviews these 
claims. Both amounts are recorded updating the revenues. As work continues, a Procurement module 
is used to place orders with selected suppliers, automatically updating contract costs. HR & Payroll 
modules are used for worker payments, also updating contract costs. For subcontracted work, orders 
are placed via the Subcontract Ledger. Subcontractors follow a similar system. 

Methods and Measures 

Data: Contracts that were completed with expenses over $100,000 in US dollars were used for 
data. There are 934 contracts in all available in the data collection. The data suggests that there were 
more profitable contracts than loss-making ones, as the distribution is tilted to the right. The good 
news for this industry is that almost 40% of the contracts have profits between 5% and 14%. 

Data Extraction and Preparation: Contracts with profit margins outside the -15% to 15% range 
were excluded. The data was obtained by exporting the “jc_job” table. This locally recreates the 
“jc_job” table with an identical structure. “Financial and Contract Status Ledger Reports” get 
generated for extraction of the costs and revenues. New fields – “prj_cost, prj_rev” and 
“prj_profperc” - get added to the “jc_job” table. The profitability can be computed based on these 
figures. With consolidation, straightforward Progress queries are executed on the relevant contracts. 
For each “jc_job no-lock”: 

jc_job.kco = 1 and 

jc_job.job_complete and 

jc_job.prj_cost >= dMinCost and 

jc_job.prj_rev > 0 and 

(jc_job.prj_profperc >= dMinProfitPerc and 

jc_job.prj_profperc <= dMaxProfitPerc): 

/* code */". 
Contract Characteristics: When a contract arrives into the Ledger, it is associated with various 

attributes that will be “predictor variables”. Ten highly relevant attributes can be selected. All the 
chosen attributes are “nominal multinomial”, meaning they consist of alphanumeric codes that 
cannot be ranked. These attributes remain unchanged. Other operational factors are not included in 
our calculations since we're predicting profitability for prospective contracts. Our main goal is to 
anticipate contract profitability, but we also want to know which attributes make a contract 
profitable. The following are possible pairings of the ten attributes: 

“10C1 + 10C2 +10C3 +10C4 +10C5 +10C6 +10C7 +10C8 +10C9 +10C10 

= 10 + 45 +120 +210 +252 +210 +120 +45 +10 +1 = 1023”. 
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Cross-Validation Approach: Our approach involves dividing the data into 10 subsets. Nine 
subsets are utilised as training sets, and each subset is used once as a test set. However, we cannott 
simply split the data into ten subsamples as they appear in the table. With aview too avoid 
subsamples which are internally very similar but significantly different from other subsamples. To 
address this challenge, we randomly assign contracts to subsamples using: 
“define temp-table ttJob with fields i, and name indexed by i 

define temp-table ttFold with fields iFold, and name indexed by iFold and name. 

set total = 0 & folds = 10. 

loop through all contracts filtered by cost and profit percentage increment total. 

create an entry in ttJob with ttJob.i = total & ttJob.name = contract name. 

end loop 

set foldsize = floor(total / folds). 

loop variable i from 1 to (folds – 1) 

set j = 0. 

repeat until j < foldsize 

set x = random integer between 1 and total 

find ttJob where ttJob.i = x. 

if found ttJob 

create an entry in ttFold with ttFold.iFold = i & ttFold.name = 

ttJob.name. 

delete record from ttJob. 

increment j. 

end if 

end loop 

set total = total – foldsize. 

set j = 0. 

loop through all ttJob 

increment j. 

set ttjob.i = j. 

end loop 
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end Loop 

loop through all ttJob 

create an entry in ttFold with ttFold.iFold = folds and ttFold.name = 

ttJob.name end loop 

export ttFold to text file for future use”. 
VSM: To predict a new contract’ profitability, we operate under the premise that contracts with 

similar characteristics are likely to have comparable profitability. For instance, a project involving the 
demolition of an unused office building and site clearance at a specific place, overseen properly, is 
likely to have have profitability comparable to another project of similar nature managed by the same 
team a few months later. This assumption is based on the similarities in work type, location, and 
personnel involved. To identify contracts similar to a prospective one, we employ the Vector Space 
Model (VSM), a technique commonly used in Information Retrieval for ranking or classifying textual 
documents. VSM, rooted in linear algebra, transforms “documents” into “vectors of index terms”. A 
method employed to determine similarity is “cosine similarity”, as represented by the formula: 

“Cos(θ) = A•B / ǁǁAǁǁ ǁǁBǁǁ” 
In the realm of information retrieval, document vectors are typically represented using TF-IDF 

(Term Frequency – Inverse Document Frequency), a widely adopted statistical weighting scheme 
used in contemporary information retrieval systems to assess a word's importance within a document 
or corpus. However, this approach is neither necessary nor applicable in our contract analysis 
scenario. This is because each contract attribute can only assume a single value, allowing us to 
represent each contract as a vector of attribute values with a maximum length of ten. Normalisation 
by magnitude is necessary when calculating cosine similarity since it is possible that an attribute for 
a given contract may not be provided, meaning its value may be blank or unknown. By computing 
their cosine similarity, our system finds the contracts that are closest to the one we are trying to 
anticipate. The forecast for the new contract is then based on the mean profitability of these 
comparable contracts.  This process is applied to all 1,023 possible attribute combinations, with 
predictions generated for every contract using the 10-fold cross-validation method. 

Elimination of Outliers: Addressing outliers is a crucial step in data analysis, with various 
approaches available. Detecting outliers is particularly challenging. For multivariate data with 
normal distribution, Mahalanobis distances are typically used as the standard test for outliers. The 
efficacy of this test is heavily contingent upon which subset is employed for estimation of the 
parameters of the distribution. In our approach, we employ Random Sample Consensus (RANSAC) 
to identify outliers. RANSAC is an iterative method that repeatedly selects random subsets of the 
data to determine the outliers. Our system identifies the most similar contracts to the one being 
predicted, applies outlier elimination using RANSAC, and then calculates the mean profitability. 

Weighted Nearest Neighbour: The mean and median absolute error of the Vector Space Model's 
output are both improved by doing outlier removal. We are aware that most contracts have a 
profitability of between 5% and 8%. We make use of this information by giving contracts that fall 
inside the range more weightage. We use the weighted mean rather than the mean of the remaining 
inliers. 

“Σwixi / Σwi” 
The method finds the contracts that are most similar to the one we are attempting to predict, 

eliminates outliers, and uses the weighted mean of the inliers that remain to determine the expected 
profitability. Using 10-fold cross validation, the system generates forecasts for each contract. 5.09 is 
the mean absolute error, and 4.17 is the median absolute error. 

KRR: Predictions can then be made using a system with weights that has been trained using 
regression. 

 “Xw = Y” 
whereas OLS can be used to determine the ideal weight w value: 
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“w = (XTX)-1 Xty” 
When (XTX)-1 is nonexistent or the inversion is numerically unstable, ridge regression can be 

helpful. Overfitting occurs if there is noise rather than the primary association, which is a common 
regression problem. A popular method to address this problem is to include a regularizer (λ). This 
promotes weight values to decay towards zero, much like in a sequential learning system, unless they 
are backed by data. The ideal “weight vector” value is determined using L training samples as 
follows: 

w = (XTX + λIn)-1XTy 
w = λ-1XT (y-Xw) XTy = XTα w = Σαixi 

α = (XTX + λIL)-1y 
and the following can provide the “prediction function: 
<w, x> = Σαi<xi, x>” 
Kernel Functions and Indicator Variables: In order to perform regression, we must convert all 

of our nominal multinomial predictor variables into binary indicator variables. For every property, a 
different file is created by the process. The files analysed are horizontally concatenated when the 
system encounters a specific combination of attributes: 

“ϕ : D  F, K(di, dj) = <ϕ(di), ϕ(dj)>” 
We will attempt to duplicate the Vector Space Kernel, which is created by multiplying the term-

document matrix (D) by its transpose in order to create the kernel: 
“K = DDT” 
The term frequencies are contained in the term-document matrix; and “indicator variable 

matrix” multiplied by its “transpose” will be Kernel matrix in this instance. Every combination of 
attributes is handled using different values of λ. Every contract is predicted using 10-fold cross 
validation. 

Results 

When outlier removal and weighted nearest neighbour are added, KRR performs marginally—
but not substantially—better than VSM. Their top three attribute combinations all have the same 
traits, and the most encouraging attribute combination is the same combination. It makes little 
difference if they perform poorly on various attribute combinations. Thus, we may decide which 
characteristics have an impact on profitability and which don't. Location, group, management, QS, 
contract type, and client are the factors that affect contract profitability. 

Conclusion and Future Directions 

The global shift from traditional agriculture to agribusiness has led to an increasing significance 
of agribusiness construction. This paper introduces a novel Machine Learning approach for 
predicting profitability in agribusiness construction contracts. The research demonstrates that 
estimating a prospective contract's profitability can be based on data-driven methods rather than 
relying solely on intuition or political considerations. The proposed mathematical model serves as a 
valuable tool for enterprises, offering an objective means to evaluate contract profitability and 
potentially mitigate political pressures. This approach provides a robust framework for decision-
making, allowing organizations to make more informed choices based on quantitative analysis rather 
than subjective factors. 

Moreover, the model offers significant benefits to commercial managers by enabling them to 
assess the impact of attribute changes on a prospective contract's predicted profitability. This feature 
allows for more nuanced contract negotiations and strategic planning, as managers can simulate 
various scenarios and understand their potential outcomes before committing to specific terms. The 
simplicity of implementing both the Vector Space Model (VSM) and Kernel Ridge Regression (KRR) 
routines in commercial settings makes this approach particularly attractive for practical application. 
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These methods can be integrated into existing systems with relative ease, providing a powerful 
analytical tool without requiring extensive overhauls of current processes. 

However, the successful application of this model in enterprises will necessitate collaborative 
efforts across multiple disciplines. It calls for close cooperation between experts in agricultural 
sciences, computer science, and business management. This interdisciplinary approach ensures that 
the model not only leverages advanced computational techniques but also incorporates domain-
specific knowledge and business acumen. Future work in this area could explore several avenues: 

1. Refinement of the model: Incorporating more sophisticated machine learning algorithms or 
ensemble methods to improve prediction accuracy. 

2. Dynamic attribute weighting: Developing methods to automatically adjust the importance of 
different contract attributes based on changing market conditions or organizational priorities. 

3. Integration with other systems: Exploring ways to connect this predictive model with other 
enterprise systems for more comprehensive decision support. 

4. Expanded data sources: Investigating the potential of including external data sources, such as 
economic indicators or weather patterns, to enhance prediction capabilities. 

5. Adaptation to other sectors: Examining how this model could be modified for use in other 
areas of agribusiness or different industries altogether. 

6. Long-term performance tracking: Implementing systems to monitor the model's predictions 
against actual outcomes over time, allowing for continuous improvement and validation. 

7. Ethical considerations: Addressing potential biases in the model and ensuring its use aligns 
with ethical business practices and business responsibilities. 

By pursuing these directions, researchers and practitioners can further enhance the utility and 
impact of this machine learning approach in agribusiness construction and potentially beyond, 
contributing to more efficient and effective decision-making in enterprises. 
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