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Abstract—Construction projects delivered through the force account (FA) method in Nairobi have faced persistent cost overruns, delays, and 

quality deficiencies, raising concerns about accountability and efficiency. Traditional regression models have been inadequate in capturing the 

nonlinear and interdependent factors driving performance outcomes. This study developed a predictive framework based on a Generalized 

Regression Neural Network (GRNN) and benchmarked it against a Random Forest ensemble. Using project-level diagnostics of cost, time, and 

quality, stabilised via winsorisation and enriched with managerial and contextual indicators, the models estimated a Performance Composite 

Index (PCI). Results showed that while the GRNN conceptually addressed nonlinearity, the Random Forest achieved superior predictive accuracy, 

cross-validation; in-sample). The study concludes that Random Forest is the most reliable operational model, and recommends adoption of 

predictive analytics, systematic data collection, and capacity building to enhance decision-making and accountability in FA project delivery. 
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I. INTRODUCTION 

A. Background Information 

Construction projects worldwide are increasingly 

challenged by cost overruns [1], delays, and quality shortfalls, 

which undermine their contribution to economic growth and 

infrastructure delivery [2]. In developing economies such as 

Kenya, the force account method, which is a public-sector 

approach that relies on direct labour, locally available materials, 

and government equipment, has been widely adopted for small 

and medium-scale infrastructure works. This method is 

particularly attractive due to its potential to reduce procurement 

bottlenecks, create employment, and enhance ownership at the 

local level. However, despite these advantages, the force 

account method has been criticized for inconsistent 

performance outcomes, including inefficiencies in resource 

allocation, weak supervision, and insufficient accountability 

mechanisms. These challenges align with broader global 

evidence that construction projects are often exposed to 

complex internal and external risks, making accurate 

performance prediction both necessary and difficult [3]. 

Recent studies emphasize that project performance is not 

only determined by inputs such as cost and time, but also by the 

presence of technical and behavioural competencies within 

project organisations [4]. Competencies include managerial 

skills, planning capacity, stakeholder engagement, and risk 

management practices, all of which are fundamental drivers of 

success [5]. Yet, in many contexts, including Nairobi, 

systematic evaluation of these competencies remains 

underdeveloped. Statistics from the Kenyan construction sector 

indicate recurrent inefficiencies [6, 7]: road works under force 

account have reported cost overruns of up to 30% and time 

delays exceeding 40%, while defect rates remain higher than 

those observed under alternative procurement methods [8]. This 

persistent under-performance highlights the urgent need for 

data-driven models capable of predicting outcomes before 

failures materialise [9]. 

Traditional methods such as multiple regression analysis 

and structural equation modelling have been applied 

internationally to predict project success [2], but their capacity 

is constrained by the linearity assumption and their inability to 

fully capture complex, nonlinear interactions among 

performance [10, 11]. Recent advances in artificial intelligence, 

particularly neural networks, provide new opportunities to 

overcome these limitations. For instance, fuzzy and generalized 

regression neural networks have been successfully applied to 

model the relationship between project competencies and key 

performance indicators, demonstrating higher accuracy and 

adaptability compared to conventional approaches [12]. These 

methods allow for the integration of both quantitative 

diagnostics such as cost, time, quality and qualitative judgments 

such as supervision adequacy, strategy intensity, offering a 

holistic view of project performance. 

The proposed study will focus on developing and testing a 

Generalized Regression Neural Network (GRNN)-based 

predictive model for force account projects in Nairobi. By 

combining project-level diagnostics with competency-based 

inputs, the model will aim to forecast the Performance 

Composite Index (PCI) of projects. The significance of this 

research lies in its potential to provide policymakers, engineers, 

and managers with a practical decision-support tool that 

identifies likely performance trajectories in advance. This will 

enable timely interventions, strengthen accountability, and 

contribute to improved efficiency and reliability of the force 

account method in Kenya’s construction sector. 
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B. Contribution  

The study develops and test data-driven framework to 

predict the performance of construction projects implemented 

through the force account method in Nairobi. It introduces a 

Performance Composite Index (PCI) that integrates cost, time, 

and quality diagnostics, stabilised through winsorisation, and 

enriches project features with supervision adequacy, 

challenges, and procurement method indicators. Using both 

GRNN and Random Forest models, the study demonstrates that 

while GRNN offers conceptual value for small, nonlinear 

datasets, Random Forest achieves superior predictive accuracy 

(𝑅2 ≈ 0.80 cross-validation). The work provides policymakers 

and practitioners with a practical decision-support tool for 

improving project accountability and efficiency. 

II. RELATED WORKS 

A. Empirical Review 

Existing studies on construction project performance 

increasingly employ competency frameworks and quantitative 

models to explain cost, time, and quality outcomes. Yeung [12] 

emphasised relational governance in partnering success, while 

Kim [10] explored structural equation modelling for measuring 

project outcomes. Similarly, Omar [11] and Assaad [2] applied 

regression-based and success-measurement models to assess 

performance indicators. Although these approaches advanced 

understanding, they largely assume linear relationships and fail 

to capture nonlinear interactions among cost, supervision, and 

contextual risks. This gap motivates the application of neural 

networks, particularly GRNN, to better predict force account 

method on construction projects in Nairobi. 

B. Summary of Literature 

TABLE I. Empirical Review: Related Studies, Critique, and Research Gap 

Study Approach Findings Critique and Gap 

Yeung [12] 

 Partnering 

governance model 
using survey data 

and regression 

analysis  

 Governance and 

relational 
competencies 

significantly 

influence project 
success  

 Focused on governance 

relationships, not 
diagnostic project-level 

indicators; lacks 

predictive modelling of 
outcomes.  

Kim [10] 

 Structural 

Equation 

Modelling (SEM) 
of performance 

measures  

 Identified cost, 

schedule, and 

quality as 
interdependent 

success dimensions  

 SEM assumes linearity; 

not robust to small 

samples or nonlinear 
interactions relevant in 

force account projects.  

Omar [11] 

 Success 
measurement 

framework using 

statistical indices  

 Highlighted 
importance of 

stakeholder 

management in 
project delivery  

 Descriptive rather than 
predictive; does not 

address machine learning 

approaches for 
forecasting outcomes.  

Assaad [2] 

 Regression-based 

evaluation of 
project success 

metrics  

 Showed 

significance of 
organisational and 

external factors in 

construction 
success  

 Linear regression 

models fail to capture 
nonlinear and contextual 

complexities of force 

account projects in 
developing countries.  

 

TABLE I indicate that all the approaches are limited by linear 

or descriptive methods that do not adequately capture 

nonlinearities, project-level diagnostics, or small-sample 

contexts typical of force account projects. This gap highlights 

the need for predictive machine learning approaches, such as 

GRNN, to improve performance modelling in Nairobi. 

III. METHODOLOGY 

A. Introduction  

The outputs of the four specific objectives are 

operationalized into measurable indices, which are then fed into 

a predictive model for estimating the performance of force 

account projects in Nairobi City County. The model selected is 

the Generalized Regression Neural Network (GRNN). Unlike 

conventional backpropagation-based feedforward networks 

that rely on iterative gradient descent, GRNNs are a type of 

radial basis function network designed for regression tasks and 

prediction [13, 14]. 

A GRNN consists of four layers: the input layer, a pattern 

layer, a summation layer, and an output layer [15]. The input 

layer accepts the normalized indices derived from the 

objectives (extent of FA use, diagnostic performance, 

implementation challenges, and value-for-money strategies). 

The pattern layer computes Gaussian similarity functions for 

each training sample, effectively serving as kernel estimators. 

The summation layer separates numerator and denominator 

accumulations, and the output layer produces normalized 

predictions for the performance composite index (PCI). This 

structure makes GRNNs non-iterative and data-driven, 

meaning that once the smoothing parameter σ is chosen, 

predictions are obtained directly without repeated weight 

updates [16]. 

GRNNs is relevant to this study since they are robust for 

small sample sizes, which is critical given that only a limited 

number of road construction projects implemented under the 

force account method in Nairobi can be analyzed [17]. They 

model non-linear relationships effectively through the use of 

radial basis kernels, allowing them to capture complex 

interactions among governance, resource, and managerial 

variables. Third, GRNNs converge quickly to optimal solutions 

since they avoid local minima traps common in gradient descent 

training [18]. 

Kaveh [19] notes that GRNNs are widely applied in civil 

and structural engineering for tasks such as performance 

forecasting, reliability assessment, and predictive modeling 

where datasets are modest and system behavior is complex. 

Their ability to approximate continuous functions through non-

parametric estimation makes them suitable for evaluating 

infrastructure project outcomes, which often involve uncertain, 

interdependent factors. 

In the proposed study, GRNN is justified as the predictive 

engine because it aligns with both methodological constraints 

(small dataset, heterogeneous indicators) and the analytical aim 

(non-linear prediction of project performance based on multi-

dimensional governance and operational inputs). 

1) Input Variables 

The input vector x is constructed from the outputs of the first 

four objectives as follows: Extent of force account method 

(Extent Index, 𝐸):  

𝐸 = 𝑤1 𝑝FA + 𝑤2 𝑡FA + 𝑤3 𝑠FA +
𝑤4 𝑚FA ,        ∑ 𝑤𝑖 = 1 (1) 
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 where 𝑝FA is the proportion of projects using force account, 𝑡FA 

is the normalized adoption trend (2017–2021), 𝑠FA is spatial 

coverage, and 𝑚FA is the work-type mix index. Performance 

diagnostics (Diagnostic Index, 𝑃diag):  

𝑃diag = 𝑢1(1 − 𝑐) + 𝑢2(1 − 𝑑) + 𝑢3(1 − 𝑞) +

𝑢4𝑟,        ∑ 𝑢𝑖 = 1 (2) 

 where 𝑐 is cost overrun ratio, 𝑑 is normalized project delay, 𝑞 

is the defect index, and 𝑟 is the supervision–quality correlation. 

Challenges (Challenge Severity, 𝐶):  

𝐶 = ∑𝐽
𝑗=1 𝑠𝑗  𝑓𝑗 𝜄𝑗 𝜌𝑗 (3) 

 where 𝑠𝑗 is the severity weight, 𝑓𝑗 is the frequency of challenge 

𝑗, 𝜄𝑗 is the impact score (cost, time, quality), and 𝜌𝑗 is 

recurrence. 𝐶 is normalized to [0,1].Value for Money 

Enhancements (Strategy Intensity, 𝑆):  

𝑆 = ∑𝐾
𝑘=1 𝑎𝑘  𝜃𝑘 (4) 

 where 𝑎𝑘 ∈ [0,1] is the adoption level of strategy 𝑘 (e.g., 

training, audits, resource pooling), and 𝜃𝑘 is the expected 

effectiveness weight. The complete input vector is:  

x = [𝐸, 𝑃diag, 𝐶, 𝑆]⊤. (5) 

2) Target Variable 

The predictive model estimates the Performance Composite 

Index (PCI), defined as:  

PCI = 𝑤𝑐 (1 −
max(0,Overrun%)

𝐶max
) +

𝑤𝑡 (1 −
max(0,Delay)

𝑇max
) + 𝑤𝑞 (1 −

DefectIndex

𝑄max
) ,

        ∑ 𝑤• = 1

 (6) 

 where 𝐶max, 𝑇max, 𝑄max are normalization constants, and 

𝑤𝑐 , 𝑤𝑡 , 𝑤𝑞 are relative weights. 

3) GRNN Predictive Model 

Given a training dataset {(𝐱𝑖 , PCI𝑖)}𝑖=1
𝑁 , the GRNN prediction 

for a new input 𝐱 is obtained as: 

𝑤𝑖(𝐱) = exp (−
∥𝐱−𝐱𝑖∥2

2𝜎2 ), (7) 

PCÎ(𝐱) =
∑𝑁

𝑖=1 𝑤𝑖(𝐱) PCI𝑖

∑𝑁
𝑖=1 𝑤𝑖(𝐱)

. (8) 

where 𝜎 is the smoothing parameter, chosen through cross-

validation to minimize prediction error (RMSE). 

4) Network Architecture 

The GRNN architecture, presented in Fig. 1, for this study 

consists of four distinct layers: Input layer: four neurons 

corresponding to the indices 𝐸, 𝑃diag, 𝐶, and 𝑆. Pattern layer: 

one neuron per training sample, each computing the Gaussian 

similarity between x and x𝑖. Summation layer: two summation 

units, the denominator (sum of weights) and the numerator 

(sum of weighted target values). Output layer: one neuron 

computing the normalized prediction PCÎ.  

 
Fig. 1: GRNN network architecture for predicting force account project 

performance 

5) Training and Validation Procedure 

The GRNN was trained using the following systematic 

procedure: Data preprocessing: All input variables 

(𝐸, 𝑃diag, 𝐶, 𝑆) were normalized to the range [0,1] to ensure 

comparability and numerical stability. Training dataset: The 

dataset comprised 𝑁 road construction projects implemented 

through the force account method between 2017 and 2021, with 

each project represented by the input vector x𝑖 and the observed 

PCI𝑖. Model fitting: For each new input x, the Gaussian kernel 

weights 𝑤𝑖(x) were computed relative to all training samples. 

Predictions PCÎ(x) were obtained using weighted averages. 

Smoothing parameter selection: The optimal 𝜎 was selected via 

𝑘-fold cross-validation (𝑘 = 5), minimizing the Root Mean 

Square Error (RMSE) across folds. Evaluation metrics: Model 

performance was assessed using:  Coefficient of determination 

(𝑅2) for goodness of fit, Root Mean Square Error (RMSE) for 

accuracy, Mean Absolute Error (MAE) for robustness. Model 

interpretation: Post-hoc sensitivity analysis was performed 

using permutation importance and SHAP values to rank the 

relative contributions of 𝐸, 𝑃diag, 𝐶, and 𝑆 to the predicted 

performance. Scenario analysis: Policy scenarios were 

simulated by perturbing 𝑆 (e.g., increased training and audits) 

or reducing 𝐶 (e.g., improved compliance, fewer procurement 

delays) to observe changes in predicted PCÎ.  

B. Experimental Setup 

The model was implemented via in MATLAB (see 

Algorithm 3.2.8) and consists of five main stages: (i) data 

extraction and preprocessing, (ii) construction of project-level 

indices, (iii) stabilization and normalization, (iv) model training 

using GRNN and Random Forests (RF), and (v) performance 

evaluation and policy analysis. 

1) Data Extraction and Preprocessing 

Project-level data were organized into procurement method, 

actual cost, duration, defect frequency, supervision adequacy, 

and aggregate indices (𝐸, 𝐶, 𝑆). Two supplementary data 

provide method-level baselines: average cost and time by 

method) and average defect frequencies. Baseline-adjusted 

diagnostics were then computed for each project: 

𝑐𝑖 = max (0,
𝐶𝑜𝑠𝑡𝑖−𝐶𝑜𝑠𝑡𝑚(𝑖)

𝐶𝑜𝑠𝑡𝑚(𝑖)
), (9) 

𝑑𝑖 = max(0, 𝑇𝑖𝑚𝑒𝑖 − 𝑇𝑖𝑚𝑒𝑚(𝑖)), (10) 

𝑞𝑖 = max (0,
𝐷𝑒𝑓𝑒𝑐𝑡𝑠𝑖−𝐷𝑒𝑓𝑒𝑐𝑡𝑠𝑚(𝑖)

𝐷𝑒𝑓𝑒𝑐𝑡𝑠𝑚(𝑖)
), (11) 

 where 𝑚(𝑖) denotes the procurement method of project 𝑖, and 

the bars indicate method-level averages. 

2) Stabilization and Normalization 

Outliers in cost, time, and defect deviations can dominate 

model training, thus in order to stabilize these diagnostics, 

winsorisation, which is robust statistical transformation used to 

reduce the influence of outliers in a dataset [20]. Instead of 

completely removing extreme values, it replaces them with less 

extreme values at specified quantiles. This was applied to cost 

overruns, delays, and defects before normalizing, so that 

extreme projects don’t dominate the PCI. It was applied at the 

5% and 95% quantiles: 
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𝑥𝑖
(𝑤)

= {

𝑞0.05, 𝑥𝑖 < 𝑞0.05,
𝑥𝑖 , 𝑞0.05 ≤ 𝑥𝑖 ≤ 𝑞0.95,
𝑞0.95, 𝑥𝑖 > 𝑞0.95,

 (12) 

 where 𝑞0.05 and 𝑞0.95 are the lower and upper quantiles. The 

stabilized vectors (𝑐𝑖
(𝑤)

, 𝑑𝑖
(𝑤)

, 𝑞𝑖
(𝑤)

) were subsequently rescaled 

to the unit interval [0,1]:  

𝑥𝑖
(𝑛)

=
𝑥𝑖

(𝑤)
−min(𝑥(𝑤))

max(𝑥(𝑤))−min(𝑥(𝑤))
. (13) 

3) Performance Composite Index (PCI) 

A project-level performance score was constructed as a 

weighted average of normalized cost, time, and quality 

components: 

𝑃𝐶𝐼𝑖 = 𝑤𝑐(1 − 𝑐𝑖
(𝑛)

) + 𝑤𝑡(1 − 𝑑𝑖
(𝑛)

) + 𝑤𝑞(1 −

𝑞𝑖
(𝑛)

), (14) 

 with weights 𝑤𝑐 = 0.33, 𝑤𝑡 = 0.33, and 𝑤𝑞 = 0.34 ensuring 

∑ 𝑤𝑗 = 1. By construction, 𝑃𝐶𝐼𝑖 ∈ [0,1], where values closer 

to 1 indicate better performance. 

4) Feature Enrichment 

To improve model discriminability, the input feature space 

was expanded beyond the base indices 𝐸𝑖 , 𝐶𝑖, 𝑆𝑖  and supervision 

adequacy. Enrichment included: Per-project diagnostics 

𝑐𝑖
(𝑛)

, 𝑑𝑖
(𝑛)

, 𝑞𝑖
(𝑛)

, Interaction terms (𝐸𝑖 × 𝑆𝑢𝑝𝑣𝑖 , 𝐶𝑖 × 𝑆𝑖), and 

Method dummies for Open Tender, PPP, and FA procurement. 

The complete feature matrix was: 

𝑋 = [𝐸𝑖 , 𝑆𝑢𝑝𝑣𝑖 , 𝐶𝑖 , 𝑆𝑖 , 𝑐𝑖
(𝑛)

, 𝑑𝑖
(𝑛)

, 𝑞𝑖
(𝑛)

, 𝐸𝑖 ×

𝑆𝑢𝑝𝑣𝑖 , 𝐶𝑖 × 𝑆𝑖 , Methoddummies]. (15) 

To standardize feature geometry, 𝑋 was transformed via z-score 

normalization:  

𝑋𝑖𝑗
(𝑧)

=
𝑋𝑖𝑗−𝜇𝑗

𝜎𝑗
, (16) 

 where 𝜇𝑗 and 𝜎𝑗 are the mean and standard deviation of feature 

𝑗. 

C. Generalized Regression Neural Network (GRNN) 

The GRNN, following Equation (16), estimates the PCI of 

project 𝑥 as: 

𝑦̂(𝑥) =
∑𝑁

𝑖=1 exp(−
𝐷2(𝑥,𝑥𝑖)

2𝜎2 )𝑦𝑖

∑𝑁
𝑖=1 exp(−

𝐷2(𝑥,𝑥𝑖)

2𝜎2 )
, (17) 

 where 𝐷2(𝑥, 𝑥𝑖) is the squared Mahalanobis (measuring how 

far a point is from the center of a dataset, while taking into 

account the correlations and scale of the variables) distance:  

𝐷2(𝑥, 𝑥𝑖) = (𝑥 − 𝑥𝑖)⊤Σ−1(𝑥 − 𝑥𝑖), (18) 

 where Σ is the covariance matrix of standardized features, and 

𝜎 is the smoothing parameter. The optimal 𝜎∗ was tuned via 

leave-one-out cross-validation (LOOCV) over a log-spaced 

grid LOOCV where model is trained on all data points except 

one, and then tested on the single point that was left out. This 

process is repeated for each data point in the dataset, so every 

observation serves once as a test case. The final performance 

measure is the average error across all test points, which 

estimates how well the model will generalize to unseen data.. 

1) Random Forest Benchmark 

To benchmark performance, a Random Forest regressor was 

trained using 300 regression trees with curvature-based 

predictor selection. K-fold cross-validation (𝑘 = 5) was 

applied, and out-of-bag (OOB (training data left out of the 

bootstrap sample for a tree, used to validate the model without 

needing a separate test set)) permutation was enabled to 

compute feature importance. Feature importance was 

normalised to sum to one: 

𝐼𝑚𝑝𝑗 =
Δ𝐸𝑟𝑟𝑗

∑
𝑝
𝑘=1 Δ𝐸𝑟𝑟𝑘

, (19) 

 where Δ𝐸𝑟𝑟𝑗 is the OOB increase in prediction error upon 

permuting feature 𝑗. 

2) Model Evaluation 

Predictive performance was assessed using root mean 

squared error (RMSE), mean absolute error (MAE), and 

coefficient of determination (𝑅2): 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑𝑁

𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)
2, (20) 

𝑀𝐴𝐸 =
1

𝑁
∑𝑁

𝑖=1 |𝑦𝑖 − 𝑦̂𝑖|, (21) 

𝑅2 = 1 −
∑𝑁

𝑖=1 (𝑦𝑖−𝑦̂𝑖)2

∑𝑁
𝑖=1 (𝑦𝑖−𝑦)2 . (22) 

 

3) Summary of Procedures 

Algorithm 1 provides a stepwise summary of the entire 

experimental setup. 
Algorithm 1: Enhanced Modelling Framework for PCI Prediction 

1. Load per-project and per-method baseline data 

2. Compute diagnostics c_i,d_i,q_i relative to method averages. 

3. Apply winsorisation and normalize diagnostics to [0,1]. 
4. Construct PCI as weighted aggregate of cost, time, and quality. 
5. Enrich features with interactions and method dummies. 

6. Standardize features (𝑧-score); compute covariance Σ.   

7. Train GRNN with Mahalanobis distance (17), tune 𝜎∗ via LOOCV.   

8. Train Random Forest (300 trees), compute OOB importance. 

9. Evaluate models using RMSE, MAE, 𝑅2; select best by CV RMSE. 

10. Make policy interpretation.   

IV. RESULTS AND DISCUSSION 

A. Results 

The enhanced predictive modelling framework was 

implemented using a Random Forest algorithm, which 

outperformed the Generalized Regression Neural Network 

(GRNN) across all evaluation metrics. TABLE II presents the 

cross-validation and in-sample performance statistics, while 

TABLE III summarizes the feature importance scores derived 

from the model. 

 
TABLE  II. Random Forest Performance Metrics 

 RMSE MAE 𝑹𝟐 

Cross-validation (CV) 0.0897 0.0677 0.799 

In-sample (FIT) 0.0448 0.0330 0.950 

 

The Random Forest achieved an 𝑅2 of approximately 0.80 

under cross-validation, indicating that the model explained 

nearly 80% of the variance in the PCI on unseen projects. This 

demonstrates robust generalisation capacity. The in-sample fit 

was even stronger (𝑅2 = 0.95), though the gap between CV 

and FIT highlights some degree of overfitting, which is 

expected in non-parametric ensemble methods. Importantly, the 

winsorisation of cost, time, and defect indices (𝑐 ∈ [0,0.913], 
𝑑 ∈ [0,16.52], 𝑞 ∈ [0,1.678]) stabilised PCI estimation by 

mitigating the influence of outliers. 
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The relative contribution of predictors is presented in 

TABLE III. Cost overrun deviation (𝑐𝑛), defect index (𝑞𝑛), and 

time delay (𝑑𝑛) emerged as the most influential features, jointly 

accounting for approximately 67% of model importance. 

Procurement method indicators (Open Tender and PPP) 

contributed an additional 26%, whereas Force Account (FA) 

method contributed 5.8%. In contrast, challenges (𝐶), extent of 

FA use (𝐸), supervision adequacy, and strategy intensity (𝑆) 

had negligible or even negative importance scores. 

 
Feature Normalised Importance 

𝑐𝑛 (Cost overrun deviation) 0.254 

𝑞𝑛 (Defect index) 0.214 

𝑑𝑛 (Time delay) 0.203 

Method_OT (Open Tender) 0.134 
Method_PPP (Public–Private Partnership) 0.124 

Method_FA (Force Account) 0.058 

𝐶 (Challenge index) 0.031 

𝐸 (Extent of FA use) 0.008 

SupervisionAdequate 0.003 

𝐸 × SupervisionAdequate -0.006 

𝐶 × 𝑆 (Challenge–Strategy) -0.009 

𝑆 (Strategy intensity) -0.016 

 

The results provide important insights into the four specific 

objectives of the study: Extent of FA use: The negligible 

contribution of 𝐸 (0.8%) indicates that the overall share or 

distribution of FA projects does not directly explain 

performance outcomes. This suggests that extent of adoption 

alone is not a performance driver. Performance of FA projects: 

The dominance of cost, time, and quality deviations (𝑐𝑛 , 𝑑𝑛 , 𝑞𝑛) 

confirms that performance of FA projects, like other 

procurement methods, is primarily determined by traditional 

project delivery metrics. This aligns with the performance-

based framing of the objective. Challenges in implementation: 

The challenge index (𝐶) was weak (3.1%), implying that 

aggregated challenge measures may be too general or uniformly 

distributed across projects to discriminate outcomes. This 

highlights the need for more granular, project-level 

measurement of specific constraints. Enhancement strategies 

for VfM: The negative or near-zero weights on 𝑆 and interaction 

terms suggest that the current measurement of strategies 

(training, audits, resource pooling) lacks predictive signal. This 

does not imply that strategies are ineffective, but rather that 

their current proxies are not sufficiently sensitive to capture 

value-for-money improvements in project-level data. The 

model demonstrates that performance outcomes are highly 

predictable from cost, time, and quality diagnostics, and are 

systematically associated with procurement method. By 

contrast, broader institutional or aggregate indices such as 

extent, challenges, supervision adequacy, and strategies 

contributed little to the predictive model. 

B. Discussion 

1) Model Training and Validation Results 

Fig. 2, Fig. 3, Fig. 4, and Fig. 5 present the diagnostic plots 

obtained during model training and validation. These provide 

critical insights into whether the GRNN or Random Forest 

model is best suited for predicting the performance of force 

account method on construction projects in Nairobi City 

County. 

 

 
Fig. 2. Random Forest: Validation RMSE per fold 

 

Fig. 2 present random forest cross-validation. The fugure 

indicate that the fold-wise RMSE values range between 0.05 

and 0.14, with an average of approximately 0.089. Although 

there is some variation across folds, the magnitude of errors 

remains low, indicating stable predictive capacity under five-

fold cross-validation. This suggests that Random Forest 

generalises well to unseen data and does not rely excessively on 

specific folds for accuracy. 

 
Fig. 3. GRNN (Mahalanobis): Training vs LOOCV Validation Loss 

 

Fig. 3 presents GRNN Training versus Validation Loss. The 

figure indicate that the GRNN with Mahalanobis distance 

exhibits the expected U-shaped validation curve. The leave-

one-out cross-validation (LOOCV) RMSE decreases steeply 

with increasing bandwidth 𝜎, reaches a minimum around 𝜎∗ ≈
0.7, and then rises again as oversmoothing occurs. The training 

RMSE remains close to zero at small bandwidths (overfitting 

regime) but increases with larger 𝜎. Although the GRNN 

achieves acceptable validation performance at 𝜎∗, the overall 

RMSE levels remain higher and more unstable than those 

observed for the Random Forest. 
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Fig. 4. Random Forest: Training vs OOB Validation Loss 

 

Fig. 4 presents Random Forest Training versus OOB Loss. 

The figure indicates that the OOB validation curve stabilises 

quickly within the first 50 trees, plateauing at an RMSE near 

0.01, while the training RMSE remains around 0.04–0.05. This 

gap indicates a small but expected degree of overfitting. 

Importantly, the low and stable OOB error across 300 trees 

demonstrates that the Random Forest ensemble is robust and 

benefits from bootstrap aggregation. 

 

 
Fig. 5. Random Forest: Observed vs Predicted PCI 

 

Fig. 5 presents observed versus Predicted PCI plots. The 

figure indicate that the scatter plot shows that predicted PCI 

values align closely with the 45∘ line for both training and 

validation sets. The tight clustering around the diagonal, with 

few systematic deviations, confirms that the Random Forest 

model accurately reproduces observed project performance. 

This is consistent with the high in-sample 𝑅2 = 0.95 and strong 

cross-validation 𝑅2 = 0.80 reported in TABLE II. 

Although the study was initially framed around developing 

a GRNN-based predictive model, the comparative results 

indicate that Random Forest substantially outperforms GRNN 

across all evaluation metrics. Specifically, the GRNN’s 

validation error remains higher and more sensitive to bandwidth 

choice, while the Random Forest achieves superior stability, 

lower RMSE, and higher 𝑅2. Therefore, while the GRNN 

remains conceptually aligned with the methodological aim of 

handling small, non-linear datasets, the empirical evidence 

supports adopting the Random Forest as the operational model 

for predicting the performance of FA projects in Nairobi. This 

choice ensures greater predictive reliability and more actionable 

insights for infrastructure policy and management. 

C. Operational Predictive Equation: Random Forest versus 

GRNN 

Based on the discussion above, to predict the performance 

of force account method on construction projects in Nairobi 

City County, two modelling approaches were considered: a 

GRNN with Mahalanobis kernel and a Random Forest 

regressor [21]. The study initially proposed a GRNN, selected 

for its ability to handle nonlinear relationships and small 

datasets without iterative training. In parallel, a Random Forest 

regressor was implemented as a benchmark. When tested on the 

Nairobi dataset, the Random Forest significantly outperformed 

the GRNN. Specifically, the Random Forest achieved cross-

validation accuracy of 𝑅2 ≈ 0.80 with RMSE ≈ 0.089, and in-

sample fit of 𝑅2 ≈ 0.95. The GRNN on the other hand 

produced higher validation errors and greater sensitivity to the 

bandwidth parameter. Consequently, although the GRNN 

provides a conceptually attractive formulation for modelling 

FA projects, the empirical evidence supports adopting the 

Random Forest as the operational predictive model. The final 

predictive equation for force account method on performance 

of construction project in Nairobi is therefore expressed as:  

  PCÎ(𝐱) = PCÎRF(𝐱) =
1

𝑇
∑𝑇

𝑡=1 𝑓𝑡(𝐱), (23) 

where PCÎ(𝐱) is the PCI for a project with input features 𝐱. 𝐱 is 

the feature vector describing a project, including extent of force 

account (𝐸), supervision adequacy, implementation challenges 

(𝐶), strategies (𝑆), and diagnostic ratios (𝑐𝑛 , 𝑑𝑛, 𝑞𝑛) together 

with interaction terms and method dummies. 𝑇 is the total 

number of trees in the Random Forest ensemble. 𝑓𝑡(𝐱) is the 

prediction made by the 𝑡𝑡ℎ regression tree for the project 𝐱. 

Each tree partitions the feature space into regions and outputs 

the mean observed PCI of projects in the same region. PCÎRF(𝐱) 

denotes the Random Forest ensemble prediction, computed as 

the average of predictions across all 𝑇 trees. Within each tree 𝑡, 

the prediction function is given by 

𝑓𝑡(𝐱) = ∑ℓ 𝑦̅𝑡,ℓ 𝟏{𝐱 ∈ 𝑅𝑡,ℓ}, (24) 

 where 𝑅𝑡,ℓ is the ℓ-th terminal region (leaf node) of tree 𝑡, 

𝟏{𝐱 ∈ 𝑅𝑡,ℓ} is an indicator function that equals 1 if 𝐱 falls in 

region 𝑅𝑡,ℓ, and 0 otherwise, 𝑦̅𝑡,ℓ is the average observed PCI 

of all training projects assigned to region 𝑅𝑡,ℓ. The GRNN 

formulation remains documented as the conceptual baseline for 

establishing the model. 

D. Discussion of Findings 

The results of the modelling exercise provide critical 

insights into the performance of force account projects in 

Nairobi. The PCI, derived from cost, time, and defect 

diagnostics, revealed systematic inefficiencies consistent with 
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those highlighted in the introduction, where force account 

projects were noted to face recurrent overruns, delays, and 

quality challenges. By integrating supervision adequacy, 

implementation challenges, and strategy intensity, the 

predictive models captured both technical and managerial 

dimensions of project delivery. 

The GRNN formulation, grounded in nonlinear pattern 

recognition, demonstrated conceptual alignment with earlier 

studies that stressed the importance of capturing 

multidimensional influences on project outcomes. For instance, 

Kim [10] employed structural equation modelling to explain 

interdependencies among cost, time, and quality, while Yeung 

[12] emphasised governance and relational competencies. 

However, as our findings show, GRNN struggled with higher 

validation error and sensitivity to bandwidth, echoing critiques 

that linear or overly rigid models often underperform in 

dynamic construction environments. 

The Random Forest model achieved superior results, with 

cross-validation accuracy of 𝑅2 ≈ 0.80 and in-sample fit of 

𝑅2 ≈ 0.95, outperforming the GRNN. This aligns with 

Assaad[2] who noted that regression-based models fail to fully 

capture contextual complexities, and supports the argument that 

ensemble learning methods provide more robust generalisation 

by handling nonlinearities and interactions without parametric 

assumptions. Moreover, the feature importance analysis 

confirmed that diagnostic indicators (𝑐𝑛, 𝑑𝑛 , 𝑞𝑛) and 

procurement method effects strongly influence project 

performance, while governance-related factors such as 

supervision adequacy play a smaller but non-negligible role. 

This reinforces Omar [11], who highlighted stakeholder 

management, but extends the discussion by quantifying its 

predictive contribution relative to cost and technical factors. 

The study operationalises the force account performance 

problem into a measurable composite index, bridging 

descriptive assessments with predictive analytics. It 

demonstrates that traditional linear approaches in the literature 

are inadequate for modelling FA projects in Nairobi, thereby 

motivating the shift towards machine learning. By establishing 

Random Forest as the empirically best-fit model, it provides 

policymakers and practitioners with a reliable decision-support 

tool, complementing the conceptual GRNN framework 

originally proposed. This dual insight, conceptual novelty 

through GRNN and empirical robustness through Random 

Forest, advances both the methodological literature on project 

performance and the practical management of infrastructure 

delivery in Kenya. 

V. CONCLUSION 

This study set out to develop a predictive framework for 

evaluating the performance of construction projects delivered 

through the force account method in Nairobi. A PCI was 

formulated by integrating cost, time, and quality diagnostics, 

stabilised through winsorisation, and enriched with managerial 

and contextual variables such as supervision adequacy, 

implementation challenges, and strategy intensity. Two 

modelling approaches were compared: a GRNN with 

Mahalanobis distance and a Random Forest ensemble. 

The results demonstrated that while the GRNN provided 

conceptual value by addressing nonlinearity and small-sample 

conditions, its performance was limited by sensitivity to the 

smoothing parameter. The Random Forest model, on the other 

hand, achieved superior predictive accuracy (𝑅2 ≈ 0.80 under 

cross-validation, 𝑅2 ≈ 0.95 in-sample), with cost, defect, and 

time diagnostics emerging as the dominant drivers of project 

outcomes. Broader indices such as supervision adequacy, 

strategy intensity, and implementation challenges contributed 

marginally. The study concludes that although the GRNN 

remains a useful conceptual framework, the Random Forest 

model constitutes the most reliable operational tool for 

predicting FA project performance in Nairobi. 

The study recommends that government agencies 

overseeing force account projects in Nairobi adopt predictive 

analytics frameworks, particularly Random Forest models, to 

anticipate risks and improve accountability. Priority should be 

given to systematic collection and digitisation of project-level 

diagnostics such as cost deviations, delays, and defect indices, 

as these are the strongest predictors of outcomes. Further, 

capacity building through training of engineers and supervisors 

on machine learning–based monitoring tools is essential. Future 

research should extend the approach to other counties and 

procurement methods for broader applicability. 
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