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1|Introduction 

Performance evaluation and resource allocation in multi-project environments have long been recognised as 

critical drivers of organisational efficiency, particularly within capital-intensive industries such as construction. 

In such settings, a central decision-maker typically oversees a portfolio of interdependent projects, each 

consuming shared inputs such as financial capital, labour, and time, while generating outputs that differ 

markedly in nature, magnitude, and measurability. The challenge is compounded by the simultaneous presence 
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of desirable outputs, which managers seek to maximise (e.g., physical progress, quality scores, and net 

payments), and undesirable outputs, which they seek to minimise (e.g., construction waste, rework costs, and 

environmental residuals). Designing a rigorous, systematic framework for evaluating and improving the 

performance of such a heterogeneous project portfolio under realistic data conditions represents both a 

theoretical and practical imperative. 

Data Envelopment Analysis (DEA), pioneered by Charnes et al. [1] in their seminal work on measuring the 

efficiency of Decision-Making Units (DMUs), has emerged as the dominant non-parametric methodology for 

multi-input, multi-output performance benchmarking. Since its introduction, DEA has undergone extensive 

theoretical elaboration, most notably the incorporation of Variable Returns to Scale (VRS) by Banker et al. 

[2], and has been deployed across a broad spectrum of domains, including banking, healthcare, education, 

transportation, and construction project management  [3], [4]. Within the construction sector, DEA has 

demonstrated considerable utility in revealing performance differentials among projects or firms and in 

providing actionable input-output targets that inform managerial decision-making [5], [6]. 

A significant limitation of classical DEA models, however, is their fundamentally decentralised orientation. 

Each DMU is evaluated independently, and efficiency targets are set without regard to the system-level 

consequences of resource reallocation. In organisational contexts characterised by a single governing 

authority, such as urban development corporations, public works agencies, or project management offices 

supervising a portfolio of construction contracts, this unit-by-unit perspective is suboptimal. To address this 

limitation, Lozano and Villa [7] introduced the Centralised Resource Allocation (CRA) framework, which 

reframes the objective from the measurement of individual DMU efficiency to the simultaneous optimisation 

of aggregate input consumption or output production across all units. Unlike conventional DEA, CRA 

models determine practical input and output targets for every DMU under a shared technology, making them 

particularly suited for centrally managed portfolios. Subsequent extensions have refined this approach under 

a variety of assumptions, including VRS conditions (Asmild et al. [8], cost-revenue considerations Mar-

Molinero et al. [9], and network structures Fang [10]). 

A further dimension of complexity arises from the treatment of undesirable outputs within DEA-based 

efficiency models. In many real-world production processes, and construction projects in particular, certain 

outputs are inherently negative externalities: construction waste, safety incidents, or cost overruns represent 

outcomes that are not voluntarily produced and whose magnitude is partially governed by environmental or 

contractual factors beyond managerial discretion. The formal incorporation of undesirable outputs into DEA 

models has been addressed through several competing approaches, including monotone-decreasing data 

transformations (Seiford and Zhu [11], weak disposability constraints [12], and directional distance functions 

[13]). Each approach carries distinct technical implications for the production possibility set and for the 

resulting efficiency scores. Within the CRA literature, the integration of undesirable outputs adds a further 

layer of methodological complexity that has received comparatively limited attention. 

Perhaps the most practically consequential yet methodologically underexplored challenge in operational DEA 

applications is the presence of missing data. Real-world datasets, particularly those derived from longitudinal 

construction project records, routinely exhibit incomplete observations. Missing values may arise from a 

variety of operational causes: delayed reporting of waste or residual outputs in long-duration contracts, 

strategic withholding of sensitive performance indicators for post-project litigation purposes, or simple 

administrative omission. Standard DEA formulations require complete data matrices; the conventional 

response of deleting DMUs with missing values distorts the composition of the reference set and biases the 

efficiency scores of the remaining units [14], [15]. More principled imputation strategies, including mean 

substitution, fuzzy set approaches, interval-valued DEA, and hot-deck methods, have been proposed in the 

literature [15], [16]. Yet, their integration with CRA models and undesirable output frameworks remains 

largely unexplored. 

This paper addresses the intersection of these three methodological threads, CRA, undesirable outputs, and 

missing data, by proposing a novel mathematical framework that integrates the Efficiency Value (EV) 
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approach with DEA under conditions of incomplete information. EV, introduced by Halme et al. [17] within 

a DEA context, allows a preferred solution or Most Productive Scale (MPS) to guide the efficiency 

assessment, thereby incorporating decision-maker preferences directly into the target-setting process. 

Building on this foundation, the present study develops a CRA model that accommodates undesirable outputs 

governed by equality constraints, reflecting their exogenous, partially uncontrollable nature, and introduces 

two complementary strategies for imputing missing values in those outputs. The first strategy employs mean 

substitution across available observations, offering simplicity and transparency. The second adopts an 

efficiency-based scenario approach, in which the missing output value is determined by each DMU's efficiency 

status computed on the reduced dataset: efficient units retain values inferred from their reference set, while 

inefficient units receive the mean of observed peers. This dual-strategy design allows practitioners to assess 

the sensitivity of allocation targets to the imputation methodology. 

The empirical grounding of the proposed framework is provided through a case study of 33 construction 

projects managed by the Sadra New Town Development Company in Shiraz, Iran. The dataset is 

characterised by substantial heterogeneity in contract duration and financial scale, by the presence of both 

desirable outputs (net payment, quality percentage, physical progress) and an undesirable output (construction 

waste), and by partially missing waste observations, a configuration that renders it an ideal testbed for the 

proposed methodology. To the best of the authors' knowledge, no prior study has simultaneously extended 

the CRA framework to accommodate undesirable outputs under VRS technology while embedding principled 

missing-data imputation within the target-setting procedure. 

The contributions of this paper are threefold: 1) it advances the CRA literature by incorporating undesirable 

outputs into the centralised target-setting framework under VRS, offering a more realistic representation of 

construction project technology, 2) it bridges the gap between missing data imputation and CRA by 

developing two structured replacement strategies that preserve the theoretical coherence of the production 

possibility set, and 3) it demonstrates the practical applicability of the proposed models through a real-world 

empirical application, offering decision-relevant insights for construction management in new urban 

development contexts. 

2|Fundamentals of Data Envelopment Analysis 

In the framework of DEA, when outputs are classified into desirable and undesirable categories, the 

production possibility set is defined based on an m-dimensional input vector and two distinct output vectors. 

The underlying technology is constructed through convex combinations of the observed DMUs. In this 

setting, for a given input vector Xj = (x1j, x2j, … , xmj), the desirable outputs Yj = (y1j, y2j, … , ysj) are subject to 

inequality constraints and may expand up to the level determined by the reference convex combination, 

reflecting their controllable nature under managerial discretion. In contrast, the undesirable outputs Yjˊ =

(y1j, y2j, … , ysj) are incorporated through equality constraints, requiring them to remain fixed at the level of 

the corresponding convex combination, since these outputs are determined by exogenous or environmental 

factors beyond managerial control. Consequently, the modified production possibility set forms a conditional 

convex hull that preserves convexity and non-negativity assumptions while enabling a more equitable 

efficiency assessment by disentangling managerial performance from environmental influences. 

Centralized Resource Allocation (CRA) models were proposed by Lozano and Villa [7]. These models 

evaluate DMUs with the aim of minimizing total inputs and maximizing total outputs. Unlike traditional DEA 

models, the primary objective of CRA models is not to measure efficiency, but rather to determine target 

levels for each DMU. 
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Model (1) represents an input-oriented CRA framework. The objective is to minimize the proportional scaling 

factor σ applied to the inputs of a DMU, while ensuring that the desirable outputs at least reach their current 

observed levels. The model constructs a convex combination of observed units using intensity variables βtj, 

subject to convexity constraints (∑ βtj
n

j=1
= 1) and non-negativity (βtj ≥ 0). For each input i, the weighted 

sum of reference inputs is constrained to be no greater than σ times the observed input, reflecting the goal of 

input reduction. Simultaneously, for each desirable output r ∈ O1, the weighted sum must be at least equal to 

the observed output, representing output preservation or improvement. This formulation allows the model 

to determine target input levels for each DMU under a technology with VRS, without directly measuring 

efficiency, in line with the objectives of CRA models. 

Model (2) represents the target-setting stage based on the optimal solution obtained from Model (1). It 

determines the target input and desirable output levels for each DMU by forming a convex combination of 

reference units. This approach allows each unit to identify practical resource allocation targets while respecting 

the technology's convexity and VRS assumptions. 

3|Modeling 

In this section, by introducing the production possibility set in CRA models and by considering missing data 

in the undesirable outputs of DMUs, the production possibility set under VRS technology is defined as 

follows: 

σ∗ = Min σ

s.t. ∑∑βtj

n

j=1

n

t=1

xij ≤ σ(∑xij

n

j=1

) , ∀i,

∑∑βtj

n

j=1

n

t=1

yrj ≥ (∑yrj

n

j=1
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∑βtj

n

j=1
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The production possibility set is defined by considering the inclusion of all observations, encompassing the 

inputs as well as the desirable and undesirable outputs. According to the possibility principle, higher levels of 

inputs are permissible within the production set, whereas lower levels of desirable outputs correspond to 

feasible production. In contrast, undesirable outputs, which may include missing data, do not necessarily 

satisfy the possibility principle. Furthermore, in order to comply with the assumptions of VRS and convexity, 

convexity constraints are imposed on the intensity variables corresponding to both inputs and outputs. 

Collectively, these considerations ensure that the production possibility set accurately reflects the 

technological capabilities while differentiating between desirable and undesirable outputs and accounting for 

data limitations. 

Since ∑ ∑ βtj
n

j=1

n

t=1

ýrj = (∑ ýrj
n

j=1
) corresponds to missing data in the undesirable outputs, two 

potential approaches can be applied to address this issue, which are discussed below. In general, missing data 
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arise in situations where either the data do not exist, or the decision-maker is unable to include them in the 

evaluation. For example, in long-term projects, waste or residuals may be both unavoidable and financially 

significant, and managers may retain this information for addressing potential problems after project 

completion. 

Therefore, the simplest approach for handling missing data in undesirable outputs is to replace them with the 

mean value of that output across the available observations, which is straightforward and intuitive. In this 

approach, the mean is calculated for each undesirable output separately and then used as a replacement. 

The second approach is slightly more sophisticated. First, the undesirable output is removed from all DMUs, 

and the efficiency of each unit is calculated based on the reduced set of outputs. If a unit remains efficient 

after the removal, the missing undesirable output is replaced by the values derived from this efficient scenario. 

If a unit becomes inefficient, the missing undesirable output is replaced by the mean value of that output 

across all units. This strategy effectively trusts the reference units for efficient DMUs and incorporates the 

mean of the reference undesirable outputs into the evaluation. For inefficient units, using the overall mean of 

all units' undesirable outputs provides a more reasonable and consistent replacement. In general, missing data 

are substituted with the average values of the relevant undesirable outputs from the reference or observed 

units. 

Therefore, the proposed model can be implemented as follows, considering missing data under the second 

strategy, which involves the evaluation of the unit under assessment. Since CRA models do not compute 

efficiency but rather determine targets, this approach provides the opportunity to verify whether the 

computed targets are appropriate for the evaluated unit. The advantage of this perspective is that there is no 

need to solve a separate linear programming model, as the assessment and comparison can be performed 

directly based on the derived targets. 

Zr̂
∗ represents the optimal value of Model (4) obtained after the removal of the missing undesirable output. 

4|Case Study: Evaluation of Construction Projects 

The dataset used in this study corresponds to construction projects in Shiraz during the period before 2024, 

encompassing 33 DMUs with varying contract durations and amounts. The input data, summarized in Table 

1, include the duration of each contract in months and the total contract amount in Iranian Rials (IRR). 
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Contract durations range from 4 to 24 months, reflecting both short-term and long-term projects, while 

contract amounts vary widely from approximately 5 billion IRR to over 369 billion IRR, indicating substantial 

differences in project scale and financial magnitude. This heterogeneity provides a suitable foundation for 

efficiency analysis and resource allocation modeling, allowing for meaningful comparisons across contracts 

with diverse temporal and financial characteristics. 

Table 1. Input data for construction projects in Shiraz. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The input data for the 33 construction projects in Shiraz (before 2024) exhibits substantial variability. Contract 

durations range from 4 to 24 months, with an average of approximately 10.4 months and a median of 12 

months, reflecting a mix of short-term and long-term projects. Contract amounts span from approximately 

5.47 billion IRR to 369.57 billion IRR, with a mean of around 104.5 billion IRR and a median of 59.43 billion 

IRR, indicating a wide distribution of project scales and financial magnitudes. This heterogeneity in both 

temporal and financial inputs provides a suitable foundation for efficiency analysis and resource allocation 

modeling, enabling meaningful comparisons across diverse DMUs. 

Table 2 presents the output data for 33 construction projects in Shiraz, categorized into desirable and 

undesirable outputs. In this context, net payment (IRR), project quality percentage, and physical progress are 

considered desirable outputs, as higher values indicate better performance and managerial effectiveness. In 

contrast, construction waste (t) represents an undesirable output, where lower values are preferred, and some 

observations include missing data. This distinction allows efficiency analysis to reward good performance 

while accounting for outcomes that are detrimental or partially outside managerial control. 

DMU Contract Duration (Months) Contract Amount (IRR) 

DMU1 15 214,658,003,006 
DMU2 9 29,502,267,818 
DMU3 4 20,890,000,000 
DMU4 12 15,906,909,491 
DMU5 12 208,428,788,230 
DMU6 12 329,852,019,398 
DMU7 24 369,567,223,439 
DMU8 8 59,428,956,801 
DMU9 12 178,376,124,198 
DMU10 12 6,882,330,256 
DMU11 9 103,116,611,117 
DMU12 5 49,946,882,317 
DMU13 5 5,473,576,812 
DMU14 6 96,218,907,142 
DMU15 9 53,871,359,908 
DMU16 6 82,875,788,632 
DMU17 8 59,428,956,801 
DMU18 4 18,910,426,298 
DMU19 5 49,946,882,317 
DMU20 4 9,998,257,790 
DMU21 12 295,974,083,027 
DMU22 12 212,864,337,075 
DMU23 12 22,499,969,841 
DMU24 12 185,052,109,638 
DMU25 12 21,543,869,808 
DMU26 12 64,018,039,674 
DMU27 6 19,862,692,357 
DMU28 15 71,338,455,757 
DMU29 12 152,101,736,374 
DMU30 6 70,127,984,801 
DMU31 6 139,468,014,734 
DMU32 6 21,352,898,507 
DMU33 7 22,162,094,183 
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Table 2. Desirable and undesirable outputs for construction projects in Shiraz. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The output variables show substantial variability across the 33 DMUs. Desirable outputs, including net 

payment (IRR), project quality percentage, and physical progress, vary widely: net payment ranges from 1.59 

billion IRR to 574.57 billion IRR, project quality percentage ranges from 0.85 to 1, and physical progress 

ranges from 0.27 to 0.9984. The undesirable output, construction waste, ranges from 12 to 41 tons, with some 

missing data points requiring careful handling or imputation during analysis. The presence of missing values 

in undesirable outputs highlights the need for appropriate strategies to ensure fair efficiency assessment, while 

the variability in desirable outputs reflects differences in managerial performance and project execution 

outcomes. 

By examining the θCCR and θBCC values, it is evident that several units exhibit full radial and non-radial 

efficiency (CCR = 1 and BCC = 1), such as units 3, 6, 10, 13, 18, 20, 27, and 32. These results suggest that 

these units lie on the efficiency frontier and demonstrate optimal performance relative to their reference sets. 

In contrast, units such as 2, 4, 5, 7, 9, and 29 exhibit lower efficiency levels (CCR < 0.6), implying that they 

are improvable and require reductions in inputs or increases in outputs. The comparison between CCR and 

BCC shows that for some units, such as 2 and 5, non-radial efficiency BCC is higher than radial efficiency, 

indicating that part of their inefficiency arises from scale effects. 

The s∗_add values represent the additional number of inputs or the output shortfalls required to reach 

efficiency. Units with s_add values close to zero, such as units 2, 3, 5, 6, 10, 16, and 32, demonstrate that they 

can reach the efficiency frontier with minimal adjustments. Conversely, units such as 1, 9, 11, 21, and 29 

exhibit substantially high s_add values, indicating that significant input reductions or output increases are 

DMU Net Payment (IRR) Project Quality (%) Physical Progress Construction Waste (t) 

DMU1 299,029,881,431 0.90 0.6101 23 
DMU2 42,089,482,794 0.95 0.8042 12 
DMU3 11,744,133,386 1.00 0.5000 34 
DMU4 16,917,708,989 0.90 0.9500 18 
DMU5 100,061,008,195 0.85 0.4681 Missing 
DMU6 574,565,323,793 0.90 0.9904 40 
DMU7 432,873,310,570 0.95 0.4500 15 
DMU8 44,620,363,241 1.00 0.5000 22 
DMU9 211,599,104,045 0.95 0.5200 19 
DMU10 1,590,620,054 0.85 0.3470 28 
DMU11 11,666,168,523 0.85 0.2700 35 
DMU12 58,608,431,530 0.90 0.3250 21 
DMU13 4,891,793,454 0.90 1.0000 17 
DMU14 75,576,714,865 0.95 0.4454 25 
DMU15 57,392,859,096 0.93 0.3692 30 
DMU16 19,023,377,048 0.95 0.6937 Missing 
DMU17 44,620,363,241 1.00 0.5000 24 
DMU18 13,936,764,895 0.93 0.8636 13 
DMU19 58,608,431,530 0.88 0.5100 37 
DMU20 49,608,905,890 0.92 0.7099 29 
DMU21 188,640,352,531 0.85 0.7110 26 
DMU22 277,189,035,744 0.90 0.9049 41 
DMU23 18,631,152,105 0.95 0.6413 14 
DMU24 241,597,908,396 0.98 0.3305 33 
DMU25 27,262,871,288 0.86 0.9541 20 
DMU26 66,541,762,915 0.94 0.6479 38 
DMU27 5,941,464,883 0.96 0.5000 Missing 
DMU28 111,003,048,317 0.91 0.9984 23 
DMU29 56,229,217,796 0.90 0.3000 31 
DMU30 91,673,391,347 0.90 0.6088 22 
DMU31 86,776,284,286 0.96 0.8012 28 
DMU32 3,895,318,317 0.91 0.6730 Missing 
DMU33 5,205,097,149 0.85 0.8235 27 



 Value efficiency in centralized resource allocation … 246

necessary for these units to achieve optimal efficiency. Therefore, slack values serve as a critical indicator for 

identifying critical points and corrective needs in each unit. 

The Eff_AP values, as indicators of overall aggregate efficiency, show that certain units, such as 6 (Eff_AP 

≈ 2.07), 13 (Eff_AP ≈ 2.57), and 20 (Eff_AP ≈ 3.26), perform significantly better than others. These units 

efficiently convert inputs into outputs and surpass the average performance within the network. In contrast, 

units such as 23 (Eff_AP ≈ 0.38), 29 (Eff_AP ≈ 0.35), and 4 (Eff_AP ≈ 0.43) demonstrate very low 

performance, requiring managerial attention and intervention. This indicator is useful for identifying both 

benchmark and underperforming units. 

The Eff_Maj and Eff_jlk values reflect partial efficiency regarding outputs and multi-dimensional overall 

efficiency, respectively. For most units, Eff_jlk equals 1.0, indicating that all units meet the minimum standard 

of efficiency when considering their reference sets. However, Eff_Maj values vary for units such as 7 (0.49), 

29 (0.68), and 2 (0.94), indicating imbalances in output performance. This analysis suggests that certain units 

are inefficient in converting inputs into all outputs, highlighting the need for targeted improvement in specific 

output dimensions. 

An examination of the reference set reveals that efficient units frequently serve as benchmarks for other units. 

For instance, units 6, 20, and 13 repeatedly appear as reference units, emphasizing their role in establishing 

performance standards across the network. This insight can guide efficiency improvement policies by 

facilitating knowledge transfer and best practices from high-performing units to underperforming ones. The 

recurring pattern of reference sets suggests that corrective focus should be directed toward low-performing 

units with multiple references (e.g., units 1, 2, 4, 29) to maximize resource utilization and overall network 

efficiency. 

In Model (4), when DMU6 is considered as the MPS, the efficiency analysis and target setting indicate that to 

achieve full efficiency, this unit needs to adjust its inputs and optimize its outputs. Specifically, the first input 

(contract duration) should be reduced to 9.8966 months, and the second input (contract amount) should be 

adjusted to 2.4737 × 1010 IRR, reflecting a significant reduction in resource consumption. Meanwhile, the 

outputs should be increased to net payment = 1.2274 × 1011 IRR, project quality = 2.2762 (on a normalized 

scale), and physical progress = 1.7564 to reach the efficiency frontier. These target values demonstrate that, 

through appropriate resource allocation and output enhancement, DMU6 can achieve both technical 

efficiency and scale efficiency, serving as a benchmark for other units. 

5|Conclusion 

The proposed CRA model provides achievable input and output targets for each DMU, focusing on 

performance improvement and optimal resource utilization. This model can serve as an effective tool for 

decision-making in construction companies in new cities, allowing managers to define practical objectives for 

resource allocation and project performance enhancement. The proposed algorithm for imputing missing 

data enhances the accuracy and reliability of the analysis, increasing the practical applicability of the results in 

real-world decision-making. 

For future research, it is recommended to employ Machine Learning (ML) techniques for estimating missing 

data to further improve target-setting accuracy. Additionally, extending the model into fuzzy or stochastic 

frameworks could allow better handling of uncertainty and environmental variability, enhancing the model's 

applicability in more complex conditions. This integration of resource optimization and uncertainty analysis 

offers a comprehensive framework for managing construction projects. 
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