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Abstract

Cost overruns and inefficient resource allocation remain persistent problems in industrial
engineering projects, particularly in transition economies where historical data are scarce and price
volatility is high. This study develops an integrated predict-then-optimize framework that couples
machine learning (ML) cost estimation with risk-aware resource allocation, and demonstrates it on a
calibrated case study of 420 industrial projects (manufacturing plants, logistics facilities, agro-food
processing, energy, water treatment and mineral processing) in eight Albanian regions over 2015~
2025. Five learners’ multiple linear regression, support vector regression, random forest, artificial
neural network and gradient boosting were trained in a direct formulation and in a hybrid
formulation that learns the deviation from a conventional unit-rate estimate indexed to the national
construction cost index. Under a strict temporal hold-out (training 2015-2022, testing 2023-2025), the
hybrid gradient boosting model reduced the mean absolute percentage error from 19.1% for the
conventional estimate to 8.2% (R? = 0.974), whereas direct tree-based models degraded under post-
2021 price escalation. Design completeness at tender, site difficulty and region were the dominant
cost-risk drivers. Conformalised quantile regression provided P10-P90 cost intervals that were fed
into a mixed-integer linear programme selecting execution modes and start times for a 14-project
portfolio under three resource capacities. In Monte-Carlo evaluation the risk-aware schedule lowered
expected portfolio cost by 3.1% (= EUR 2.4 million), reduced the expected number of late projects by
26% and cut expected delay-months by 67% relative to earliest-due-date practice, with the largest
gains when resources were scarce. The framework offers project-based firms and public clients in
Albania a transparent, reproducible decision tool.

Keywords: Cost estimation; Machine learning; Resource allocation; Mixed-integer programming;
Conformal prediction; Albania.

Industrial engineering projects of the construction, expansion or retrofit for
manufacturing plants, warehouses, processing facilities, energy installations and treatment
plants are the physical channel through which investment becomes productive capacity.
Their economic performance depends on two decisions taken early and under considerable
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uncertainty: how much the project will cost, and how scarce engineering staff, skilled crews
and equipment should be allocated across concurrent projects. International evidence
shows that both decisions are frequently made poorly. Large samples of infrastructure and
industrial projects reveal systematic cost underestimation, with average overruns of 20—
45% depending on project type [1,2], and the debate on whether overruns stem from

technical error, optimism bias or strategic misrepresentation remains open [3,4].

These problems are amplified in Albania. The economy has experienced sustained
investment in industrial parks, agro-processing, renewable energy and water
infrastructure, yet contractors and public clients operate with fragmented cost records,
short time series and pronounced price shocks. The construction cost index for dwellings
published by the Institute of Statistics (INSTAT) rose to 113.5 in the second quarter of 2025
relative to its fourth-quarter 2021 base [5], and wage growth in construction has been
persistent although construction wages remain below the national average [6].
Conventional estimating practice — bills of quantities priced with published unit rates and
escalated with a price index — cannot capture how design maturity, procurement route,
competition, site conditions and contractor capability modify the final cost. At the same
time, regional engineering-procurement-construction (EPC) firms typically schedule
portfolios with simple priority rules, so that resource conflicts are resolved reactively.

Machine learning (ML) offers a way to learn these non-linear effects from historical
projects, and a growing literature reports that ML models outperform parametric
regression in construction cost prediction [7,8]. Separately, operations research provides
mature models for resource allocation and resource-constrained project scheduling [9,10].
The two streams, however, are rarely connected: predictions are evaluated by accuracy
metrics alone, while scheduling models assume costs are known constants. Recent work
on prescriptive analytics argues that predictions should be judged by the quality of the
decisions they enable [11,12]. This study addresses that gap for industrial engineering

projects in a data-scarce transition economy.

The contributions are fourfold. First, a hybrid ML formulation is proposed in which
learners model the deviation of actual cost from an index-adjusted unit-rate estimate, and
it is shown to be markedly more robust to price-level drift than direct ML estimation.
Second, conformalised quantile regression is used to attach calibrated P10-P90 intervals to
each estimate. Third, the predicted cost distributions feed a mixed-integer linear
programme (MILP) that jointly selects execution modes and start times for a project
portfolio under multiple resource capacities, delay penalties and escalation. Fourth, the full
pipeline is demonstrated and evaluated on a calibrated Albanian case study with Monte-
Carlo validation and sensitivity analysis, and all code is made available for replication.

The remainder of the paper is organised as follows. The next section reviews related
work. The methodology section describes the case-study data, the estimation models, the
uncertainty quantification and the optimization model. Results are then presented and
discussed, followed by conclusions, limitations and directions for further research.
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Early applications of artificial neural networks (ANN) to parametric cost estimation of
highway projects [13] and building projects [14] demonstrated that non-linear models
could reduce estimating error relative to linear regression. Kim et al. [15] compared
regression, ANN and case-based reasoning on 530 residential projects and found the ANN
most accurate, while Cheng et al. [16] combined fuzzy logic, neural networks and
evolutionary optimization for conceptual estimates. More recently, Matel et al. [17]
estimated engineering-service costs with ANN, and systematic reviews [7,8] identify
support vector regression (SVR) [18], random forests [19] and gradient boosting machines
[20,21] as the most frequently successful learners. Benchmarks on tabular data generally
confirm that tree ensembles outperform deep networks on small and medium data sets
[22,23]. Two weaknesses recur in this literature: random cross-validation, which overstates
accuracy when projects from the same period appear in training and test sets, and the
absence of explicit treatment of price-level change, which tree-based models cannot
extrapolate.

A single-point estimate is of limited value for budgeting, contingency setting or risk-
aware scheduling. Quantile regression [24] and quantile regression forests [25] estimate
conditional quantiles directly, but their empirical coverage is not guaranteed in finite
samples. Conformal prediction [26] provides distribution-free coverage guarantees under
exchangeability, and conformalised quantile regression (CQR) [27] combines the
adaptivity of quantile models with conformal calibration. Despite its attractiveness for cost
contingency estimation, CQR has seen little use in engineering project management.

Multi-project scheduling with limited resources was formulated as a 0-1 programme
by Pritsker et al. [28]; the resource-constrained project scheduling problem (RCPSP) is
strongly NP-hard [29] and has inspired a large body of exact and heuristic methods [10].
In construction, genetic algorithms have been applied to resource levelling [9] and to the
time—cost trade-off problem [30]. Herroelen and Leus [31] review proactive and reactive
scheduling under uncertainty, and risk measures such as conditional value-at-risk (CVaR)
[32] allow decision-makers to penalise unfavourable outcomes. Few studies, however, let
ML-predicted cost distributions drive the cost coefficients of the allocation model.

The review identifies three gaps: (i) ML cost models are seldom tested under temporal
hold-out conditions that mimic real use during price shocks; (ii) predictive uncertainty is
rarely calibrated and almost never propagated into resource decisions; and (iii) evidence
from Western Balkan economies, including Albania, is scarce. The present study responds
to all three.
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The research follows the predict-then-optimize framework summarised in Figure 1. A
project database is assembled and pre-processed; cost models are trained and validated;
calibrated prediction intervals are produced; and the resulting cost distributions
parameterise a resource allocation MILP whose decisions are evaluated by Monte-Carlo

simulation.
's N\ N\ A
Project database Pre-processing ML cost models Uncertainty Interpretation
420 projects log transform, (direct & hybrid) conformalised permutation
Albania 2015-2025 encoding, temporal MLR - SVR - RF quantile regression importance,
(14 attributes) plit (2022 | 2023-25 ANN - GBM P10 / P50 / P90 partial dependence
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Project portfolio (14 projects) Risk-aware resource allocation MILP Monte-Carlo
resource demand derived from > mode X start-time selection, 3 resource > evaluation &
predicted cost & labour share capacities, LDs, escalation (HiGHS) sensitivity
. J \ J \ J

Figure 1. Integrated predict-then-optimize framework for cost estimation and resource allocation

Project-level cost records of Albanian industrial projects are not publicly available in a
consolidated form: contract notices published through the Public Procurement Agency [33]
report contract values but not final costs, and private projects are not reported at all. To
provide a transparent and fully reproducible test bed, the study therefore uses a calibrated
simulation case study — a structured 'digital twin' of the project portfolio of a regional EPC
market. The database contains n = 420 industrial projects started between 2015 and 2025 in
eight counties (qarqe): Tirané, Durrés, Elbasan, Fier, Vloré, Shkodér, Kor¢é and Dibér. Six
project types are represented: manufacturing plants (94), warehouse and logistics facilities
(90), agro-food processing plants (78), energy projects such as photovoltaic parks and small
hydropower plants (64), mining and mineral processing facilities (53), and water and
wastewater treatment plants (41).

Each project is described by quantity drivers (gross floor area, structural steel, concrete
volume and installed mechanical-electrical-plumbing (MEP) power), schedule and context
variables (planned duration, design completeness at tender, contractor experience, number
of bidders, site difficulty on a five-point scale), categorical attributes (project type, region,
procurement method and funding source) and the construction cost index (CCI) at start.
The CCI profile is anchored to INSTAT's base of Q4-2021 = 100 and its Q2-2025 value of
113.5 [5], with the strong 2022 escalation reflected in the series. Regional price factors,
labour shares and resource intensities were set to plausible values for the Albanian market,
and the actual cost of each project was generated by a documented multiplicative process
in which design immaturity, weak competition, negotiated procurement, public funding,
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difficult sites and schedule compression increase cost relative to the conventional estimate,
with lognormal residual noise (o = 0.085). Because the generating process is known, the
realised cost of any alternative decision can be simulated, which is exactly what is required
to evaluate the optimization stage without hindsight bias. Descriptive statistics are given
in Table 1.

Table 1. Descriptive statistics of the numerical variables (1 = 420)

Variable Unit Mean SD Min Median Max
Gross floor area A m? 5,907 4,167 640 4,830 30,660
Structural steel t 300 238 32 221 1,722
Concrete volume m? 3,033 2,099 314 2,480 12,538
Installed MEP power kW 1,625 2,040 91 960 16,134
Planned duration months 8.9 3.1 4.0 8.0 23.0
Design completeness % 68.3 15.7 35.0 70.5 98.0
Contractor experience years 11.8 7.1 1.0 11.0 35.0
Number of bidders - 43 24 1.0 4.0 12.0
Site difficulty 1-5 2.81 1.27 1.00 3.00 5.00
Construction cost index Q4-2021=100 101.7 8.2 90.1 98.0 115.0
Conventional estimate M EUR 3.58 2.26 0.52 2.96 15.39
Actual cost M EUR 4.30 2.79 043 3.55 18.54
Overrun vs. estimate % 214 25.6 -21.5 16.7 132.2

Measured against the conventional estimate, the average overrun is 21.4% (median
16.7%); 80% of projects exceed the estimate and 62% exceed it by more than 10%. These
magnitudes are consistent with international evidence [1,2]. Figure 2(a) shows that the
dispersion of overruns is wide in every project type, while Figure 2(b) confirms the
expected scale relationship between floor area and cost, with considerable scatter
attributable to non-quantity drivers.
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Figure 2. (a) Distribution of cost overrun relative to the conventional estimate by project type; (b)
actual cost versus gross floor area by funding source (log scales)

The benchmark is the conventional deterministic estimate used in practice, in which
quantities are priced at published unit rates and escalated by the CCI:
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where Ai is the floor area priced at the type-specific shell rate uxw, gij are steel, concrete
and MEP quantities with unit rates uj, and I: is the cost index at start. Two ML formulations
are compared. The direct formulation learns the log-cost as a function of the feature vector

Xi:

InG; = f(x;) + ¢ 2)

whereas the hybrid formulation uses Eq. (1) as an offset and learns only the log-

deviation g(x), so that price-level and quantity effects are carried by engineering
knowledge and the learner concentrates on risk factors:

InC; = InCfo™ + g(x;) + ¢, C; = Cto"exp(g(x))) (3)

Five learners are fitted in both formulations: multiple linear regression on log-

transformed quantities (MLR), SVR with a radial basis kernel [18], random forest (RF) [19],

a multilayer perceptron (ANN) and gradient boosting (GBM) [20]. Gradient boosting

builds an additive ensemble of shallow regression trees by stagewise fitting of the negative
gradient of the loss [20]:

Lm

Fn(0 = Fp 1 (0 +7 ) ¥, 10X € Rip) 4)

where v is the learning rate and yim are the leaf values of the m-th tree with regions Rim.
Categorical variables are one-hot encoded and numerical variables standardised, with
logarithms of the quantity drivers added as features [34]. Hyper-parameters are selected
by grid search with 10-fold cross-validation on the training set. To reflect real use —
estimating new projects with models trained on the past — the evaluation uses a strict
temporal split [35]: projects started in 2015-2022 form the training set (282 projects) and
those started in 2023-2025 form the test set (138 projects). Accuracy is reported as mean
and median absolute percentage error (MAPE, MdAPE), root mean squared error (RMSE),
the coefficient of determination and the share of projects estimated within +10%:

100 |6, — N R ¢
MAPE—TZ R=1-Sr—rs 5)

Interpretation uses permutation importance [36], measuring the increase in test error

i=1

when a feature is randomly permuted, and partial dependence functions [20] showing the
average marginal effect of a feature; both are model-agnostic and complement Shapley-
value approaches [37].

Quantile gradient boosting models for T=0.1 and t = 0.9 are trained by minimising the
pinball loss [24]:
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Following the CQR procedure [27], the quantile models are first fitted on projects
started up to 2020, and conformity scores are computed on the 2021-2022 calibration
projects:

E; = max{q,,(x) =y, ¥, — Qpo(x)}, T = [4y,0 = Qug(E), Gy o(X) + Qg 5(E)] @)

where Qus(E) is the empirical (1 — a)(1 + 1/nca) quantile of the scores. The models are
then refitted on all training data and the calibration offset is retained. To guarantee
coherent distributions, the quantiles are rearranged so that P10 < P50 < P90 [38], where P50
is the hybrid GBM point estimate.

The optimization stage considers a regional EPC contractor launching a portfolio P of
14 projects drawn from the 2023-2025 test set, over a planning horizon of H = 34 months.
Each project can be executed in one of three modes m € M: accelerated (80% of the normal
duration, with 10% more total effort), normal, or extended (125% of the normal duration,
with 3% less effort). For every project and mode, the ML models supply the predicted cost
distribution {C1%m, Cpm, C%0pm} by changing the planned duration feature, so that the time-
cost trade-off is learned from data rather than assumed. Three renewable resources k € K
are considered — engineers, skilled crews of six workers, and heavy equipment units —
with monthly demand

50
Py = T 5P o ®)
Wi A,

where nm is the mode effort multiplier, spk the share of cost absorbed by resource k in
the project's type, wx the monthly unit cost of the resource (calibrated to Albanian wage
levels [6]) and dpm the duration. The binary variable xpmt equals 1 if project p starts in month
t in mode m. The model minimises total risk-adjusted cost:

minZ=> """ cpu Xpm )

p€EP meM teTpm

50 90 50 . 50
Cpme = Com(1 + €) + A (T — Ty ) + minic, 8 0, (0)}Cpm (10)
Opme(@) = max{0, t + d,,,, e!+*«%pm — D} (11)

subject to
Z xpmt = 1 Vp € P (12)

meM t€Tpm
T

Tpmk Xpme < Ry vVkeK, t=0,..,H-1 (13)

pPEP MEM t=T—dpm+1

Xome €{01},  Tpm={t:p, <t, t+dpy < min(H, D, +4)} (14)
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The cost coefficient (10) combines the median cost escalated at e = 0.3% per month for
postponed starts, a risk premium weighted by A on the predicted P90-P50 spread, and a
delay cost of d = 4% of contract value per month of expected lateness — corresponding to
a contractual penalty of about 1%o per day plus extended site overheads — capped at k =
15%. Lateness ® in Eq. (11) is evaluated on a buffered duration at confidence level a, using
the historical log-slippage distribution with mean p = 0.03 and a standard deviation opm =
0.07 + 0.25-max(0, 1 — rpm) that grows with schedule compression ratio r. Constraint (12)
assigns exactly one mode and start time to each project; (13) limits monthly use of each
resource to its capacity Ri; and (14) enforces release dates gp and a maximum tolerated
planned delay of A = 2 months beyond due date Dp. The resulting MILP has up to 956
binary variables and 116 constraints and is solved to optimality with the HiGHS solver [39]
through SciPy. Capacities in the base case are set at 50% of the aggregate peak demand,
which makes the portfolio genuinely resource-constrained.

Three strategies are compared. S1 represents current practice: all projects in normal
mode, scheduled by a serial schedule-generation scheme in earliest-due-date order at the
earliest resource-feasible start. S2 solves the MILP with the ML point estimates only (A =0,
no duration buffer). §3 is the proposed risk-aware MILP (A = 0.5, « = 0.8). Each schedule is
evaluated by 5,000 Monte-Carlo realisations of the true cost-generating process, including
cost noise and duration slippage, and summarised by expected cost, P90 cost, CVaR at 90%
[32], the expected number of late projects and expected delay-months.

All analyses were implemented in Python 3.13 with scikit-learn [40], SciPy [41], pandas
and Matplotlib, using a fixed random seed for reproducibility. Paired differences in
absolute percentage error were tested with the Wilcoxon signed-rank test [42].

Table 2 reports cross-validated accuracy on the training period and accuracy on the
unseen 2023-2025 test projects. The conventional unit-rate estimate has a test MAPE of
19.1% and estimates only 28% of projects within +10%, confirming that quantity-based
pricing systematically misses the risk-driven component of cost.

Table 2. Accuracy of the cost estimation models (CV: 10-fold cross-validation on 2015-2022; Test:
hold-out 2023-2025, n = 138)

Test
CV MAPE Test MAPE Test RMSE Within
Model Test R
ode %) %) MAAPE —— / pUR) est £10% (%)

(%)
Conventional unit-rate 174 19.1 16.4 1.398 0.813 283
estimate
Direct MLR 9.2 9.1 6.9 0.629 0.962 65.9
Direct SVR 9.0 116 9.7 1133 0.877 514
Direct Random forest 16.3 18.2 15.5 1.583 0.760 31.2

Direct ANN 17.2 25.2 19.0 3.044 0.112 32.6
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CVMAPE TestMAPE _ 1°'  Test RMSE Within
Model %) %) Miz)PE MEUR) TR 0% (o6
Direct Gradient boosting 119 118 10.2 1.128 0.878 493
Hybrid MLR 8.4 8.0 6.2 0.547 0.971 67.4
Hybrid SVR 8.6 9.3 7.1 0.708 0.952 59.4
Hybrid Random forest 9.1 9.3 7.8 0.580 0.968 63.0
Hybrid ANN 129 17.0 13.6 1.266 0.847 37.0
Hybrid Gradient boosting 8.1 8.2 6.9 0.525 0.974 71.0

All ML models improve on the conventional estimate, but the formulation matters more
than the algorithm. In the direct formulation, random forest and ANN deteriorate sharply
on the test set (test MAPE 18.2% and 25.2%), and direct SVR loses 2.7 percentage points
relative to its cross-validated error. The reason is structural: the 2023-2025 projects were
started at cost-index levels above any value observed during training, and tree ensembles
cannot extrapolate beyond the range of the training targets, while the small sample limits
the ANN. The hybrid formulation removes this weakness because price level and
quantities enter through the engineering offset; every hybrid learner is more accurate than
its direct counterpart. Hybrid GBM achieved the lowest cross-validated error and was
selected as the reference model; on the test set it attains MAPE = 8.15%, R? = 0.974 and
estimates 71% of projects within +10%. Hybrid MLR is statistically indistinguishable on the
test set (MAPE = 8.04%; Wilcoxon p = 0.93), while the improvement of hybrid GBM over
the conventional estimate is highly significant (p < 0.001). The practical lesson for data-
scarce environments is that embedding domain knowledge in the model structure delivers
more robustness than increasing algorithmic complexity, a finding consistent with tabular-
data benchmarks [22,23]. Figure 3 visualises the systematic underestimation of the
conventional estimate, the scale-dependent bias of the best direct model and the tight fit of
the hybrid GBM.

Conventional unit-rate Direct SVR (RBF) Hybrid Gradient boosting
MAPE 19.1% R2? 0.813 MAPE 11.6% R? 0.877 MAPE 8.2% R?0.974
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Figure 3. Predicted versus actual cost on the 20232025 test projects (log scales; the shaded band
marks +10%)

Permutation importance of the hybrid GBM (Figure 4a) shows that design completeness
at tender explains 76% of the model's predictive importance for cost deviation, followed
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by site difficulty (9.5%), region (5.8%), funding source (2.6%), procurement method (1.7%)
and the number of bidders (1.6%). Quantity variables carry almost no importance in the
hybrid model because their effect is already captured by the unit-rate offset. Partial
dependence (Figure 4b) reveals a pronounced non-linearity: cost deviation falls steeply as
design completeness rises from 40% to about 75%, and flattens thereafter. Other things
equal, a project tendered with a 40% complete design is expected to cost roughly 50% more
than one tendered at 80%. Contractor experience (Figure 4c) shows a learning effect of
about 5-6% over the first 15 years, while moving from a single bidder to six or more
reduces expected cost by about 9%, and the most difficult sites cost about 17% more than
the easiest. These results support practical policies such as requiring a minimum design
maturity before tendering and promoting competitive procurement, which are directly
actionable for Albanian public clients.

(a) (b) (c)
Design completeness - NN 6.1 © 50 - 5+
Site difficulty -Jll9-5 S 40 4 ad
Region (qark) -Jll5-8 ]
Funding source —J|2.6 E § 30 - 3 -
Procurement method —J1.7 S é
Number of bidders -J1.6 E g’ 20 - 2 4
Contractor experience —0.7 E 2 1
Planned duration -0.6 »E 4 10 -
Gross floor area 0.5 E E 0-
Concrete volume 0.4 & 0-
I T T T 1 T T T T T
0 25 50 75 100 40 60 80 0 20
Permutation importance (%) Design completeness at tender (%) Contractor experience (years)

Figure 4. (a) Permutation importance of the hybrid GBM; partial dependence of cost on (b) design

completeness and (c) contractor experience

Uncalibrated quantile GBM intervals covered only 66.7% of test outcomes against a
nominal 80%. Conformal calibration raised coverage to 75.4% with an average relative
width of 27.3% of the point estimate (Figure 5). The remaining shortfall is explained by the
temporal drift between calibration (2021-2022) and test (2023-2025) periods, which violates
the exchangeability assumption on which conformal guarantees rest [26]; rolling
recalibration as new projects are completed is therefore recommended. Even so, the
intervals identify the projects with the widest risk — typically those with immature
designs, single bids and difficult sites — and provide a principled basis for contingency
allowances.
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Figure 5. Conformalised 80% prediction intervals and actual costs for the 138 test projects, sorted
by predicted cost

The 14-project portfolio is summarised in Table 3. Its conventional estimate totals EUR
54.9 million, whereas the ML P50 for normal-mode execution totals EUR 75.5 million,
highlighting the budgeting gap that the ML stage exposes before any scheduling decision
is made.

Table 3. Project portfolio used in the allocation study (Manuf. = manufacturing plant, Wareh. =
warehouse and logistics, WWTP = water and wastewater treatment plant; release, due date and
durations in months for accelerated/normal/extended modes; costs in M EUR for normal mode)

ID  Type  Region ‘:;;“ Df;:;gn Release Due (I::;;tt‘l:’;; C:::V P10-P90 P50
Pl Agrofood  Fier 390 57 0 11 6/8/10 2.81 322437 3.97
P2 Energy  Vloré 4540 89 0 1 7/9/11 2.79 2.48-3.27 2.84
P3  Manuf. Elbasan 11,140 59 1 17 10/13/16 824 940-1213 1088
P4  Manuf. Durrés 6730 49 1 16 9/11/14 494 6.29-7.67 7.38
P5  Wareh.  Fier 2380 80 1 10 6/7/9 1.13 1.14-147 133
P6  Manuf.  Tirané 6920 66 1 16 9/12/15 485 5.69-6.94 6.24
P7  Mining Shkodér 5120 84 1 13 8/10/13 461 439-5.64 470
P8  Manuf.  Tirané 5860 90 2 16 8/10/13 442 468-5.73 5.46
P9 Energy  Korgg 2,880 45 2 12 6/7/9 2.01 2.50-3.21 2.79
P10 Manuf.  Dibér 6830 52 2 17 91215 488 6.45-8.76 8.76
P11 WWTP  Tirané 3380 83 3 13 7/8/10 3.16 328-4.11 411
P12 WWTP  Dumés 5190 6l 6 17 8/10/13 427 5.13-7.07 6.81
P13  Manuf.  Dibér 4070 35 6 16 7/8/11 2.84 3.68-5.25 479
P14 Agrofood Dibér 5170 7 7 21 810013 3.94 4.06-5.81 5.46

Table 4 compares the three strategies at the base-case capacity, and Figure 6 shows the
schedules and resource utilisation profiles of S1 and S3.
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Table 4. Monte-Carlo evaluation of allocation strategies (5,000 realisations; capacity = 50% of

aggregate peak demand)

Indicator 51 Cog‘];egtlonal S2 ML deterministic ~ S3 ML risk-aware
Expected cost (M EUR) 76.60 74.33 74.20
P90 cost (M EUR) 79.11 76.80 76.58
CVaRw (M EUR) 80.17 77.89 77.62
Standard deviation (M EUR) 1.96 1.93 1.87
Expected late projects 3.86 3.85 2.87
Expected delay (project-months) 14.5 5.5 4.8
Makespan (months) 22 21 21
Modes (acc./norm./ext.) 0/14/0 3/3/8 3/6/5
Max. planned delay (months) 4 1 2
Mean utilisation, skilled crews (%) 65.8 67.9 70.0
Change in expected cost vs. S1 (%) - -2.95 -3.13

The risk-aware MILP (S3) reduces expected portfolio cost from EUR 76.60 million to
EUR 74.20 million (3.1%, = EUR 2.4 million), the P90 cost by 3.2% and CVaRw by 3.2%. It
also improves delivery: the expected number of late projects falls from 3.86 to 2.87 (26%)
and expected delay-months from 14.5 to 4.8 (67%), with a makespan one month shorter.
The mechanism is visible in Figure 6. Instead of running all projects at normal pace and
pushing late-released projects beyond their due dates, S3 accelerates short projects with
tight deadlines, extends projects with slack, and staggers starts so that resource utilisation
is high and flat (close to 100% between months 3 and 13) rather than peaking and then
idling. The deterministic variant 52 achieves a similar mean cost but leaves 3.85 projects
late on average because it schedules completions exactly at due dates and ignores duration
risk; the duration buffer and risk premium in S3 convert that hidden risk into an explicit

cost, which is precisely the value of propagating uncertainty into the decision.
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(a) Conventional (EDD, normal mode) (b) ML risk-aware MILP (A=0.5)
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Figure 6. Schedules (top) and monthly resource utilisation (bottom) under (a) conventional earliest-
due-date practice and (b) the ML risk-aware MILP; vertical black marks are due dates and dotted
marks release dates

Figure 7(a) and Table 5 show how the value of optimization changes with resource
availability. The benefit is largest when capacity is scarce: at 50-60% of aggregate peak
demand, S3 reduces expected cost by 2.0-3.1% and the expected number of late projects by
26-71%. At 45%, the tightest capacity that still admits a schedule within the delay limit, S3
remains 1.2% cheaper but spreads short delays over more projects (5.5 versus 3.8 late
projects). Below 45%, no schedule can respect the two-month delay limit; the conventional
rule still produces a schedule, but only by accepting much longer delays. When capacity is
ample (=70%), all strategies converge, and S1 becomes marginally cheaper (by about 0.3%)
because residual ML estimation error slightly distorts the mode choices; in other words,
optimization pays off precisely when resources bind, which is the typical situation of
regional contractors during investment peaks.

Table 5. Sensitivity of expected portfolio cost (M EUR) and expected late projects to resource

capacity
Capacity (% of peak) S1 cost S1 late S3 cost S3 late S3 vs. S1 (%)
35 79.70 6.9 infeasible - -
40 77.85 59 infeasible - -
45 76.72 3.8 75.82 5.5 -1.17
50 76.58 3.9 74.20 29 -3.11

60 74.20 2.4 72.73 0.7 -1.98
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Capacity (% of peak) S1 cost S1 late S3 cost S3 late S3 vs. S1 (%)
70 72.17 0.1 72.40 0.2 0.33
100 72.15 0.1 72.40 0.2 0.35

Figure 7(b) varies the duration-buffer confidence level a. Raising a from 0.5 to 0.8
reduces the expected number of late projects from about 3.3 to 2.9 at a negligible cost
increase (< 0.2%); beyond 0.8 the solution is unchanged. The risk-premium weight A had a
smaller effect because the predicted P90-P50 spreads vary little across modes of the same
project; at is therefore the more effective lever for schedule reliability.

@ BRI ()
7 80 - 5 74.1 74.1 74.2
=} =@ S1 conventional )
; =@ S2 ML deterministic §3~0— - - - 74.2 74.2 74.2
isk- a
2 70 el B B R BN
: =l H B B B B
e 8 2.0 -
;.. H BT HEEN
=1 Q .
: -/ AEEEEN
2 :
2™ el B B B B B |
3 @
3 S 0.5 -
1) o)
: .. N HHEENN
LL'|72_ T T i T 500‘ T 1 1 1 I I
40 60 80 100 0.50 0.60 0.70 0.80 0.90 0.95
Resource capacity (% of aggregate peak demand) Duration-buffer confidence level a

Figure 7. (a) Expected portfolio cost versus resource capacity; (b) expected number of late projects
versus duration-buffer confidence level a (labels give expected cost, M EUR)

For contractors, the framework turns historical project records into calibrated budgets
and risk-aware schedules that can be re-optimised as capacities or priorities change. For
public clients and the procurement system, the dominant influence of design completeness
and competition indicates that the largest savings lie before contract award: tendering on
mature designs and attracting several bidders reduces both the level and the variability of
cost. For policy-makers, the instability of direct ML models under the 2022-2023 price
shock shows that any data-driven estimating tool should be anchored to an official cost
index, such as INSTAT's CClI, and recalibrated regularly.

The study has limitations. The case study is a calibrated simulation rather than a census
of observed Albanian projects, so the reported magnitudes should be read as a
demonstration of the method rather than as estimates of national overrun rates; validation
on proprietary contractor databases is the essential next step. The resource model uses
uniform monthly demand and three aggregated resources; activity-level precedence
networks, multi-skilled labour and stochastic resource availability would increase realism.
Finally, the conformal intervals assume exchangeability, which is only approximately
satisfied under price drift; adaptive conformal methods could address this.
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This paper proposed and demonstrated an integrated machine learning and
optimization framework for cost estimation and resource allocation in industrial
engineering projects, using a calibrated Albanian case study of 420 projects and a 14-project
portfolio. Three conclusions emerge. First, hybrid models that learn the deviation from an
index-adjusted unit-rate estimate are both accurate and robust: the hybrid gradient
boosting model reduced the out-of-time MAPE from 19.1% to 8.2%, whereas direct tree-
based models failed under post-2021 escalation. Second, design completeness at tender,
site difficulty, region and competition are the dominant drivers of cost deviation, with
strongly non-linear effects that conventional estimating ignores. Third, propagating
calibrated cost and duration uncertainty into a mixed-integer resource allocation model
lowered expected portfolio cost by 3.1% and expected delay by 67% relative to current
scheduling practice, with the largest gains when resources are scarce.

The advantages of the framework are its transparency, modest data requirements and
reproducibility with open-source tools; its main limitation is the need for validation on
observed project records. Possible applications include tender pricing and contingency
setting by contractors, portfolio planning by industrial investors, and ex-ante appraisal by
public agencies. Future work will apply the framework to observed Albanian contractor
and procurement data, extend the optimization to activity-level networks with stochastic

programming, and explore online recalibration of the prediction intervals.

The author thanks colleagues of the Department of Economic Engineering at the
Polytechnic University of Tirana for helpful discussions.

The author confirms that there is no conflict of interest associated with this publication.

The calibrated project database (albania_industrial_projects.csv) and the complete
Python code that generates the data, trains the models, solves the optimization model and
reproduces all tables and figures are available from the corresponding author on
reasonable request.
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