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Abstract

Efficient recycling of reclaimed asphalt pavement (RAP) is essential to the low-carbon trans-
formation of transportation infrastructure. Traditional carbon accounting methods based
on four factors—RAP content, aging level, rejuvenator dosage, and mixing temperature—
struggle to capture emission patterns under multi-parameter coupling or isolate con-
founders to identify true causal effects. The study considers a single-lane asphalt pavement
functional unit (1 km length, 3.75 m width, and 0.18 m thickness), and to address this
problem, this paper integrates life cycle assessment (LCA), a thermodynamic mechanism
model, multi-model machine learning, and double/debiased machine learning (DML) to
construct a carbon emission prediction and causal analysis framework. First, reclaimed
asphalt pavement is used as the LCA model to generate 10,206 carbon emissions and cost
datasets covering the four factors, with embedded nonlinear thermodynamic calculations.
Then, 3000 semi-synthetic plant-day observations are constructed by introducing observable
engineering conditions, batch variation, and Gaussian white noise. Finally, four prediction
models—BP neural network, random forest, XGBoost, and SVR-RBF—were compared using
grouped five-fold cross-validation. The BP model achieved the highest predictive accuracy
(R% = 0.9638) and was selected as the auxiliary learner for cross-fitted DML. The estimated
model-based intervention effects for a 10-percentage-point increase in RAP content, a 0.1
increase in aging coefficient, a 1-percentage-point increase in rejuvenator dosage, and a 10 °C
increase in mixing temperature were 12.492, 7.077, 13.189, and 8.632 t CO,-eq, respectively.
These results show that material circularity and carbon reduction do not automatically
guarantee economic sustainability. The framework links resource circularity, causal process
understanding, and low-carbon process optimization to support sustainability-oriented
RAP decisions. This study offers a reference for low-carbon design and process optimization
of asphalt pavement recycling.

Keywords: sustainability; reclaimed asphalt pavement (RAP); life cycle assessment (LCA);
causal inference; double machine learning (DML); random forest; XGBoost; support
vector regression
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1. Introduction

Reclaimed asphalt pavement (RAP) technology, by recycling old asphalt pavement ma-
terials, can effectively reduce the consumption of new materials, lower the pressure of waste
disposal, and achieve certain carbon emission reduction benefits [ 1-5]. Research has shown
that incorporating RAP can reduce carbon emissions during asphalt mixture production to
some extent, but the relationship between RAP content and its emission reduction benefit
is not strictly proportional. As RAP content increases, the introduction of aged asphalt, the
addition of rejuvenators, and the increased energy consumption for pre-treatment can lead
to reduced workability and impaired durability of the mixture, resulting in a rebound in
carbon emissions [6]. Furthermore, among the key factors influencing the carbon emissions
of recycled asphalt mixtures, RAP content is not the sole determinant. Studies indicate that
RAP content, degree of aging, rejuvenator dosage, and mixing temperature are the four
major factors affecting the carbon emission benefits of recycled asphalt mixtures. At present,
the complex causal mechanisms through which factors such as RAP content, aging degree,
rejuvenator dosage, and mixing temperature influence carbon emissions remain unclear.
Traditional carbon accounting methods based on fixed coefficients struggle to accurately
capture the patterns of emission variation under multi-parameter interactions, nor can they
achieve dynamic optimization of process parameters.

Previous research on the sources of carbon emissions from asphalt pavements has
mainly focused on the life cycle assessment (LCA) framework, with targeted analyses of
the impact of individual factors on emissions. Early studies compared carbon emission
differences at varying RAP contents and found that emission reduction is significant when
RAP content is within 30%, but the benefit diminishes beyond 50% due to increased energy
consumption [7]. Further research introduced energy consumption monitoring and ther-
modynamic models to quantify the carbon contributions of RAP preheating, screening, and
other pre-treatment processes, indicating a nonlinear increase in emissions at high RAP
contents [8]. In terms of analyzing parameter influence mechanisms, existing studies have
explored the statistical relationships involving RAP content in recycled asphalt mixtures
through correlation analysis, regression models, and sensitivity analysis. Some studies
developed an improved regression fatigue prediction model for recycled asphalt mixtures
based on strain level, asphalt content, air void ratio, and RAP content [9]. Correlation anal-
ysis by other researchers showed that RAP addition weakens the moisture sensitivity, crack
resistance, and fatigue performance of recycled mixtures but enhances their permanent
deformation resistance [10]. Another study used sensitivity analysis and other models
to evaluate the probability that HMA life-cycle carbon emissions exceed those of CMA
pavement systems [11]. Furthermore, research on two pre-treatment methods—fine disag-
gregation and conventional separation—demonstrated that RAP incorporation adversely
affects the dispersion uniformity of aggregates in recycled asphalt mixtures [12]. In recent
years, machine learning methods have shown strong potential in areas such as material per-
formance prediction and process optimization. For instance, models like random forest and
neural networks have been used to build carbon emission prediction models and identify
key stages and influencing factors. One researcher found that XGBoost provides the most
accurate carbon emission predictions compared to other machine learning models [13].
Other studies combined signal decomposition algorithms with nonlinear autoregressive
neural networks and deep extreme learning machines to construct hybrid models for carbon
emission prediction [14]. Several researchers compared multiple different models to iden-
tify the optimal one for carbon emission prediction [15-18]. Another study, targeting carbon
emissions as the objective feature, developed various regression models and evaluated
them based on root mean square error, coefficient of determination, and mean absolute
percentage error, finding that a stacking ensemble model exhibited superior predictive
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performance and further applied it to sensitivity analysis of carbon emission influencing
factors [19]. However, as research progresses, certain gaps remain evident. Current studies
predominantly focus on static carbon emission accounting, lacking dynamic analysis of the
contribution of each life-cycle stage to emissions. Moreover, there is insufficient research
on the synergistic optimization of RAP content and other process parameters, and a multi-
parameter coupled prediction and optimization framework for carbon emissions has yet to
be established [20].

Recent studies have increasingly distinguished predictive association from intervention
questions. Accurate regression or artificial-intelligence prediction does not itself establish
cause-and-effect relationships, and causal-discovery methods have begun to be applied in
structural and construction engineering [21,22]. In asphalt materials, explainable machine
learning, causal inference, and LCA have also been combined to investigate the sustainable
design of fiber-reinforced asphalt concrete [23]. These developments are directly relevant
to the present study because the 10,206 samples are generated by a programmed LCA /ther-
modynamic data-generating process rather than by a randomized field experiment. Accord-
ingly, the causal statements in this paper are restricted to model-based intervention effects
under explicit assumptions, observed engineering context, overlap, and nuisance-model
adequacy, rather than being presented as experimentally verified real-world causal effects.

In summary, existing research has established LCA-based carbon emission accounting
and machine learning prediction methods for recycled asphalt mixtures and has prelim-
inarily revealed the nonlinear influence of individual process parameters. However, the
understanding of carbon emission variations under multi-parameter coupling and engi-
neering variability remains limited, and high prediction accuracy alone cannot determine
the intervention effect of changing a single parameter after controlling for confounding
conditions. This study therefore proposes a machine learning-assisted causal analysis
framework integrating LCA, thermodynamic mechanism modeling, multi-model compari-
son, and DML. Specifically, 10,206 model-calculated LCA data points are first generated
from RAP content, aging degree, rejuvenator dosage, and mixing temperature, after which
observable plant operating conditions and Gaussian white noise are introduced to construct
an engineering-perturbed dataset. Four models, including the BP neural network, random
forest, XGBoost, and SVR-RBE, are then compared using grouped 5-fold cross-validation,
and the model with the highest R? is selected before causal estimation to assist cross-fitted
DML. Subsequently, the model-based intervention effects of the four process parameters
and their robustness to white noise are analyzed. Finally, published asphalt-plant energy
consumption data and representative engineering carbon-emission data are used as exter-
nal engineering benchmarks. The proposed framework provides a systematic method for
carbon emission prediction, parameter-effect identification, and low-carbon process opti-
mization of RAP recycled asphalt mixtures, and therefore provides sustainability-oriented
decision support for RAPs, while the causal interpretation remains conditional on the
specified data-generating process and requires further field validation.

2. Methods
2.1. System Boundary and Functional Unit

Determining the system boundary is a crucial step in LCA. This study is a model-
based case for a generic RAP recycled asphalt pavement layer rather than a laboratory-
constructed named mixture. The modeled layer is evaluated from raw material acquisition
to end-of-life/recycling through six physical stages: raw material acquisition, transportation,
production, construction, use and maintenance, and end-of-life/recycling (Figure 1). The
carbon-accounting standard DB15/T 3727-2024 [24] is used as one factor/source reference;
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however, its ultra-thin warm-mix wearing-course scope should not be interpreted as defining
the 0.18 m model geometry used here.

ag o=

Raw material acquisition

Transportation Production Construction Usage and Maintenance Disposal and Recycling

From cradle to grave. >

Figure 1. Asphalt pavement life cycle.

(1) Raw material acquisition stage, including the production energy consumption and
process emissions of new asphalt(Panjin Northern Asphalt, Panjin, China), new aggregates
(Jinglianxin Road-Use Materials Co., Ltd, Beijing, China), RAP crushing and screening, and
rejuvenator (Kangdefumei Greenway Co., Ltd, Dezhou, China).

(2) Transportation stage, divided into raw material transportation and mixture trans-
portation, where various materials are transported from their source or processing plants
to the mixing plant.

(3) Production stage, including the energy consumption of processes such as aggregate
drying, asphalt and RAP heating, and mixing.

(4) Construction stage, where the mixed asphalt mixture is transported to the con-
struction site for paving and compaction. In this process, the mixture is evenly laid on
the pavement using a screed-type paver (Xuzhou Construction Machinery Group Co.,
Ltd, Xuzhou, China); compaction is carried out by steel-wheeled rollers and rubber-tired
rollers (Xuzhou Construction Machinery Group Co., Ltd, Xuzhou, China) to ensure the
smoothness and stability of the road surface.

(5) Use and maintenance stage, considering preventive maintenance (micro-surfacing)
and corrective maintenance (overlay) within the design life.

(6) End-of-life and recycling stage, including milling, landfilling, or secondary recy-
cling after the pavement reaches the end of its service life.

The functional unit of the study is defined as a single-lane asphalt pavement layer with
a length of 1 km, a width of 3.75 m, and a thickness of 0.18 m, with a mixture density of
2.4 t/m?3.

2.2. Data Inputs and Datasets

The study uses three categories of data for different purposes. First, design/LCA
inputs define the functional unit, four process-factor grids, carbon emission factors, con-
struction/transport energy use, cost parameters, and thermodynamic properties obtained
from published specifications and literature sources. Second, the 10,206 model-generated
factorial combinations define the deterministic mechanism/LCA response surface; they
are not measured asphalt-mixture specimens and are not used as the primary engineering-
generalization benchmark. In these combinations, RAP content denotes the mass fraction of
RAP in the modeled mixture, aging degree is the RAP aging coefficient, rejuvenator dosage
is the percentage of rejuvenator relative to total mixture mass, and mixing temperature is
the production temperature. Third, a separate 3000-observation semi-synthetic plant-day
layer combines the process settings with observable engineering context and stochastic
disturbances for the main four-model grouped-CV comparison and DML robustness analy-
sis. Published engineering data from asphalt mixing plants and representative pavement
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projects are used to define plausible ranges for engineering-context variables and to check

the order of magnitude of production-stage energy and carbon emissions. These external

data are not merged with the 10,206 design points as labels and are not called external

validation because system boundaries, plant fuels, mixture types, and functional units differ.

Detailed information on data sources and basis is provided in Table 1.

Table 1. Data sources and basis.

Source/Author Year Data Type Specific Parameters/Indicators
Ministry of Transport of the Functional unit and system Pavement length (.1 km), width (375 m), design
People’s Republic of China [25] 2014 boundary parameters life (15 years)
i Asphalt layer thickness (0.18 m)
Menghao Wang [26] 2023 1. RAP content: 0-100% (21 levels)
Pei Luo [27] 2025 Core process parameters and 2. Aging coefficient: 0.8-1.6 (9 levels)
Hao Li [28] 2022 value ranges 3. Recycling agent content: 0-5% (6 levels)
Haibiao Fu [29] 2021 4. Mixing temperature: 140-180 °C (9 levels)
1. Raw material production: new asphalt (248),
aggregate (201, average of three types: coarse
aggregate, fine aggregate, mineral filler),
recycling agent (950) (kg CO,-eq/t)
. Carbon emission factors 2. Energy: diesel (3.1), gasoline (2.929), heavy
Irme1j Mongolia Autono.m.ous oil (3.06), coal (2.493), electricity (0.61) (kg
Region Market Supervision 2024 B .
. - CO;,-eq/unit)
Administration [24]
3. Waste treatment: landfill, recycling
Fuel consumption per unit workload of asphalt
Energy consumption data of pavers, mixing equipment, various transport
construction machinery vehicles(Xuzhou Construction Machinery Group
Co., Ltd, Xuzhou, China), etc. (L/t or kg/t)
1. Material unit prices: new asphalt, aggregate,
RAP, recycling agent, etc. (CNY/ton)
Ministry of Transport of the 2018 2. Energy unit prices: diesel, electricity, coal, etc.
People’s Republic of China [30] . (CNY/unit)
. . Cost and market price parameters
Shanghai Environment and . -
Energy Exchange [31] 3. Unit prices for transport, construction,
2023 maintenance, disposal (CNY/(ton-km) or
CNY/ton)
4. Carbon trading price (CNY/ton CO,)
Editorial Committee of China ‘ . Aggrggate specific heat capacity (0.92), asphalt
. . . Thermodynamic and material specific heat capacity (1.67), moisture content
Materials Engineering Canon [32] 2006 L h ; ization of 2
Yang, S.; Tao, W. [33] property parameters atent heat of vaporization of water (2260),
e thermal efficiency, etc. (kJ/(kg-°C))
Daily production volume, mixture temperature,
, Primary asphalt-plant operational dryer starts and fuel use; high production
Schonauer et al. [34] 2024 data associated with ~22% lower fuel/t; 186 to 162 °C
associated with up to ~9% fuel saving
AC-13: dust removal 3.623 kWh/t, drying 5.181
Field-measured asphalt-plant kg heavy oil/t, asphalt heating 1.561 kg natural
Wang etal. [35] 2024 production energy gas/t, blending 7.302 kWh/t; used for
production-stage plausibility
Aggregate moisture 1.46-9.83 mass%; +1 mass%
Schonauer et al. [36] 2026 Field trial for aggregate moisture moisture =~ +6.86 kWh/t dryer energy; used to
set moisture perturbation envelope
L T . Per-tonne plant energy/carbon and project-scale
Kleiziené etal. [37]; Liu et al. [38]; 2005-2025 Independent plant/ GHG values used only for plausibility /context,

NRCan [39]; Ma et al. [40]

project engineering benchmarks

not as labels or project-specific validation
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2.2.1. Carbon Emission Factors for Raw Material Production

By referring to the technical specification for carbon emission accounting of ultra-thin
wear layer using warm-mix recycled asphalt mixture, the relevant carbon emission factor
data for the raw material stage of the life cycle can be obtained, as shown in Table 2.

Table 2. Carbon emission factors of major materials.

Stage Item Carbon Emission Factor Unit
Raw material New asphalt production 248 kg CO,-eq/t
Raw material Aggregate production 201 kg CO,-eq/t
Raw material Recycling agent production 950 kg CO,-eq/t

2.2.2. Energy Consumption Values of Construction Machinery

By referring to the technical specification for carbon emission accounting of ultra-thin
wear-resistant layer of warm-mix recycled asphalt mixture, the energy consumption values
of machinery used in the transportation, production, and construction stages of the life
cycle can be obtained, as shown in Table 3.

Table 3. Energy consumption of main construction machinery under a unit project.

Stage Item Energy Energy Consumption Value Unit
Production Heater Coal 0.135 kg/t
Production Asphalt mixing equipment Heavy oil 1.131 kg/t

Construction Asphalt paver Diesel 0.062 kg/t
Construction Steel wheel roller Diesel 0.024 kg/t
Construction Pneumatic tire roller Diesel 0.053 kg/t
Transport Dump truck Diesel 0.002 kg/t
Transport Truck Gasoline 0.003 kg/t
Transport Liquid asphalt tanker Diesel 0.085 kg/t
Transport Mixture transport truck Diesel 0.094 kg/t
2.2.3. Data Sources for Carbon Emission Factors
By referring to the technical specification for carbon emission accounting of ultra-thin
wearing course using warm-mix recycled asphalt mixture, the carbon emission factors of
energy sources used at each stage of the life cycle can be obtained, as shown in Table 4.
Table 4. Carbon emission factors of major energy sources.
Energy Carbon Emission Factor (kg CO,-eq/Unit) Unit
Heavy oil 3.060 kg
Gasoline 2.929 ke
Diesel 3.100 ke
Coal 2.493 kg
Electricity 0.610 kW-h

2.3. Life-Cycle Carbon Emission Calculation Model

Carbon emissions are calculated for six physical life-cycle stages. E1-E6 denote raw
material acquisition, transportation, production, construction, use/maintenance, and end-
of-life/recycling, respectively. The total is E,,.; = (E1 + E2 + E3 + E4 + E5 + E6 + E, ) /1000,
where E,,, contains only non-duplicated additional operations.
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The original nonlinear functions are retained so that the study remains based on the
submitted model, but their status is clarified. Asphalt-utilization efficiency, rejuvenator
diminishing returns, RAP-related energy growth, construction difficulty, durability /mainte-
nance frequency, and production-adjustment functions are scenario/calibration functions
rather than universally validated constitutive laws. Their expressions, coefficients, sources
or calibration status, and uncertainty ranges should be disclosed and stress-tested rather
than presented as measured physical relationships.

2.3.1. Carbon Emission Quantification Model for the Raw Material Acquisition Stage

By calculating the new asphalt, aggregates, rejuvenator, and other raw materials ac-
cording to Equation (1), the carbon emissions of this stage can be obtained.

Cp = Zmz‘“i (1)

where m; is the consumption of the i-th raw material (t); «; is the carbon emission factor
corresponding to the production of the i-th raw material (kg CO,-eq/t).

2.3.2. Carbon Emission Quantification Model for the Transportation Stage

This stage is divided into the transportation stage of raw materials and the transporta-
tion stage of the mixture. The emissions from different raw materials and the mixture, along
with the corresponding machinery used, are calculated according to Equation (2).

Cp = Z Z mydje;oy + ZM]-djEjkth (2)
where m; is the total amount of raw material i transported by machinery j (t); d; is the
distance per ton of raw material i transported by machinery j (km); e; is the energy consumed
by machinery j per ton-kilometer of raw material i (kg/t-km); &, is the carbon emission
factor corresponding to the k-th type of energy consumption (kg CO,-eq/kg); M, is the
total amount of warm-mix recycled asphalt mixture transported by machinery j (t); d; is
the distance per ton of recycled asphalt mixture transported by machinery j (km); e is the
energy consumed by machinery j per ton-kilometer of recycled asphalt mixture (kg/t-km);

and o is the carbon emission factor corresponding to the k-th type of energy consumption
(kg CO,-eq/kg).

2.3.3. Carbon Emission Quantification Model for the Production Stage

In this stage, the energy consumption required for heating raw materials such as
asphalt, aggregates, and RAP, as well as for the mixing and preparation of the mixture, is
calculated according to Equation (3).

Cps = ZMmejk“k (3)

where M, is the total mass of the recycled asphalt mixture produced by mixing (t); e is the
energy consumed by machinery j per ton of recycled asphalt mixture during mixing (kg/t);
and «, is the carbon emission factor corresponding to the k-th type of energy consumption
(kg CO,-eq/kg).

2.3.4. Carbon Emission Quantification Model for the Construction Stage

This stage mainly accounts for the carbon emissions during the paving and rolling
processes of the recycled asphalt mixture, which are calculated according to Equation (4).

Cps = ZMpejkﬂk + ZMnejszxk (4)

where M,, is the total mass of the recycled asphalt mixture being paved (t); e is the energy
consumed by machinery j per ton of recycled asphalt mixture during paving (kg/t); x;
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is the carbon emission factor corresponding to the k-th type of energy consumption (kg
CO,-eq/kg); M, is the total mass of the recycled asphalt mixture being rolled (t); and
€2 is the energy consumed by machinery j per ton of recycled asphalt mixture during
rolling (kg/t).

2.3.5. Thermodynamic Production Energy Consumption Model

To more accurately characterize the influence of temperature, a thermodynamic model
based on energy conservation is constructed. This model calculates the total energy (sensible
heat and latent heat) required to heat all components, including RAP, new aggregates,
asphalt, and the contained moisture, from the ambient temperature to the target mixing
temperature. It also accounts for heat losses and equipment efficiency, and finally normalizes
the result into an energy consumption impact factor relative to the reference temperature
(160 °C). The calculation is performed according to Equation (5).

Qtotal = Qsensible + Qlutent + Qloss + Qspeciul (5)

where Q. is the total heat of the system (J); Qqengible iS the sensible heat, i.e., the heat
required to raise the temperature of the materials (J); Qjuent 1S the latent heat, i.e., the heat
required for moisture evaporation (J); Q. is the heat loss, i.e., the heat dissipated to the
environment (J); and Qgp.eqia1 is the special energy consumption, i.e., energy consumed by
RAP preheating, equipment efficiency losses, etc. (J).

2.3.6. Use and Maintenance Stage

For the current model, the number of preventive-maintenance and overlay events is
determined by the design life and an RAP-dependent durability factor. The stage emission
isE5 = (N, + N,) - M - r,,, - EF,, where N, and N, are the numbers of maintenance and
overlay interventions, M is the functional-unit mixture mass, r, is the maintenance material
ratio, and EF,, is the carbon factor used for the maintenance material. The maintenance
rule and durability-factor intervals are scenario assumptions and should be included in
uncertainty analysis.

2.3.7. End-of-Life and Recycling Stage

End-of-life emissions include transport/handling, secondary recycling, and landfill:
E6 = EEoL,tranSport + MEOL My EFrecycle + MEoL . (1 - Y]r) : EFlandfill' Here MEoL is end-of-life

mass, 1], is assumed recycling efficiency, and EF /EF nasn are treatment factors. A

recycle
negative recycling credit is an allocation assumption.

2.3.8. Parameterized Process Functions and Uncertainty Status

The predefined nonlinear functions are made explicit to improve reproducibility. Let r
denote RAP mass fraction and q denote rejuvenator mass fraction. The asphalt-utilization
coefficient is 0.75 for r < 0.30, 0.65 for 0.30 < r < 0.60, and 0.55-0.10(r — 0.60) for r > 0.60. The
rejuvenator-effect factor is max [0.40, 1 — 15q] for q < 0.02, max [0.40, 0.70 — 8(q — 0.02)]
for 0.02 < q < 0.04, and max [0.40, 0.54 — 4(q — 0.04)] for q > 0.04. The RAP production-
energy factor is 1 + 0.8r for r < 0.40, 1.32 + 1.2(r — 0.40) for 0.40 < r < 0.70, and 1.68 +
2.0(r — 0.70) for r > 0.70. Construction difficulty is represented by 1 + 0.3r?. The durability
factor is 1.0, 0.9, and 0.8 for low-, medium-, and high-RAP ranges, respectively. Feeding
sequence, mixing time, and temperature-control factors are also defined piecewise in the
calculation code. Because these empirical coefficients are not calibrated against project-
specific measurements, they are treated as scenario assumptions; their implications are
therefore examined through engineering-context perturbation and white-noise robustness
analyses rather than being presented as universally calibrated constitutive laws.
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2.4. Extended Dataset Generation, Four-Model Comparison, and Auxiliary-Model Selection

By combining 21 RAP contents, 9 aging degrees, 6 rejuvenator dosages, and 9 mixing
temperatures, an extended dataset of 10,206 deterministic LCA-calculated cases. These
cases represent designed combinations of RAP recycled asphalt mixture process parameters
and define the mechanism response surface. The dataset is used to analyze model-based
emission variation and parameter interactions, while predictive benchmarking is conducted
using the engineering-perturbation layer described below. The main prediction benchmark
is therefore performed on the engineering-perturbation layer described below. Exactly
four models are compared: the original BP network plus RF, an XGBoost-style regularized
second-order tree boosting, and SVR-RBF. In the main benchmark, all four receive the
same 11 observable predictors: RAP content, aging degree, rejuvenator dosage, mixing
temperature, ambient temperature, aggregate moisture, RAP moisture, plant load, dryer
efficiency, dryer-start frequency, and transport multiplier. Complete plant-day blocks are
held out in grouped five-fold cross-validation, and R?, RMSE, MAE, and computational
time are reported. A secondary process-only ablation uses only the four process variables
to quantify the loss of predictive information when engineering context is unavailable; it
is not used as the main model-performance result. Deterministic-grid fitting, if reported,
is labeled only as a simulator-surrogate fidelity diagnostic. The structure of the BP neural
network is shown in Figure 2.

input layer output layer

hidden layer 1 hidden layer 2 hidden layer 3

Figure 2. BP neural network model structure.

2.4.1. Engineering-Context Variables and White-Noise Stress Test

To represent engineering variability absent from the full-factorial mechanism dataset,
a semi-synthetic observational layer is constructed at plant-day and batch levels. Three
hundred plant-day blocks with ten observations per day (3000 observations) are generated.
Pre-treatment engineering context includes ambient temperature, aggregate moisture, RAP
moisture, plant load/daily production intensity, dryer efficiency, dryer-start frequency,
and a transport multiplier. The four process settings are generated conditionally on this
context, creating explicit common-cause pathways from engineering background to both
process settings and emissions. Continuous settings are restricted to the original design
domain and the underlying LCA stage values are linearly interpolated only for this stress-
test layer; carbon-only optimization remains grid-supported. Day-level plant heterogeneity
and batch-process residuals are then added. Finally, independent Gaussian white measure-
ment noise is superimposed. The main noise standard deviation equals 2% of the mean
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context-adjusted emission, rather than 2% of its standard deviation; 0%, 2%, 5%, and 10%
of the mean are used in robustness checks. Engineering context is treated as potential ob-
served confounding/background information, whereas white noise represents unresolved
stochastic/model-measurement error.

The perturbation ranges are informed by published plant data rather than claimed as
measurements from the present project. Schonauer et al. [34] reported about 22% lower
fuel consumption per tonne at high versus low daily production and up to 9% fuel saving
when mixture temperature decreased from 186 °C to 162 °C. Wang et al. [35], using field
measurements from asphalt plants in Anhui, reported for AC-13 approximately 3.623 kWh/t
for dust removal, 5.181 kg heavy oil/t for aggregate drying, 1.561 kg natural gas/t for asphalt
heating, and 7.302 kWh/t for mixture blending; aggregate drying and asphalt heating
accounted for 69.50% and 17.75% of production energy, respectively. Schonauer et al. [36]
measured aggregate moisture from 1.46% to 9.83% and found that each 1 mass% increase
in moisture added approximately 6.86 kWh/t of dryer energy. These observations are
used to define stress-test envelopes and sensitivity coefficients, while parameters without
direct project calibration (e.g., RAP-moisture and dryer-start coefficients) remain explicit
scenario assumptions.

2.4.2. Four-Model Comparison and Selection of the DML Auxiliary Learner

The predictive comparison includes four models in total: the submitted BP neural
network, RF, MATLAB-implemented XGBoost, and SVR-RBF. RF provides a nonparametric
bagged-tree ensemble, SVR-RBF provides a kernel-based comparator, and XGBoost provides
a regularized boosted-tree comparator [41]. The XGBoost comparator is implemented
directly from the regularized second-order boosting objective for squared-error regression.
The BP network retains the submitted three-hidden-layer structure (21-19-7) and Bayesian-
regularization backpropagation training. All four models receive the same 11 observable
predictors and the same plant-day grouped five-fold assignments. After cross-validation,
the code ranks the four models by mean R? and automatically selects the model with
the largest value as the sole auxiliary learner for DML. RMSE and MAE are reported
as secondary predictive metrics but do not override the pre-specified R? selection rule.
Importantly, DML effect estimates are not used to choose the model; this prevents selecting
a learner because it produces a preferred causal-effect magnitude or sign.

2.5. Multi-Condition Carbon Emission Prediction and Bayesian Optimization Method
2.5.1. Multi-Condition Carbon Emission Prediction Method

To validate the predictive capability of the model and demonstrate the effects of dif-
ferent parameter combinations, five representative operating conditions were selected as
prediction cases. These conditions cover low, medium, and high RAP contents, as well
as varying levels of aging, rejuvenator, and temperature, systematically illustrating the
trends in carbon emissions. The parameters of the typical operating conditions are shown
in Table 5.

Table 5. Typical operating condition parameters.

Case RAP Content Aging Degree Recycling Agent Temperature (°C)
1 0% 1.0 0% 160
2 30% 1.0 2% 160
3 40% 0.8 1% 140
4 70% 1.6 4% 180
5 90% 1.6 5% 175
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2.5.2. Exact-Grid Carbon Screening and Engineering-Constrained Selection

The current main workflow uses exact-grid screening rather than relying on an off-grid
Bayesian optimum. First, the minimum life-cycle carbon emission is identified over the
complete 21 x 9 x 6 x 9 mechanism grid. Second, a separate engineering-screened candidate
is selected from grid points satisfying RAP content of 30-60%, rejuvenator dosage of 1-3%,
and mixing temperature of 145-160 °C; the aging coefficient is fixed at 1.0 because aging
is treated as a material state rather than a directly adjustable plant control. Both searches
minimize modeled carbon emissions only. The engineering-screened solution is therefore a
conservative grid-supported low-carbon candidate, not a mechanically validated mixture
design; workability, compactability, rutting, cracking, moisture resistance, fatigue, and
durability still require laboratory or field verification.

2.6. Causal Inference Analysis Centered on Cross-Fitted DML

The causal target of this study is the model-based intervention effect of changing
individual RAP mixture process parameters on life-cycle carbon emissions while controlling
for other process variables and observed engineering conditions. The practical increments
are defined as RAP content +10 percentage points, aging coefficient +0.1, rejuvenator
dosage +1 percentage point, and mixing temperature +10 °C.

For each treatment variable D, the adjustment set Z includes the remaining three process
variables and observed engineering-context variables, including ambient temperature,
aggregate/RAP moisture, plant load, dryer efficiency, dryer-start frequency, and transport
variability. Four machine learning models (BP neural network, RF, XGBoost, and SVR-RBF)
are compared using grouped five-fold cross-validation, and the model with the highest
mean R? is selected as the nuisance learner for cross-fitted DML.

The primary causal estimand is the average intervention effect estimated by cross-fitted
DML. Additional analyses, including CATE-style conditional contrasts, mediation analysis,
counterfactual analysis, global sensitivity contribution, local marginal-effect analysis, and
heterogeneity analysis, are used as mechanism diagnostics to interpret nonlinear responses
and parameter interactions within the specified LCA response surface. These analyses are
not considered independent evidence of real-world causal effects but are used to support
interpretation of the model-based intervention results.

2.6.1. Average Treatment Effect (ATE)

Cross-fitted DML estimates the average intervention effect of each process variable
after adjusting for the remaining variables and engineering-context factors. The nuisance
functions are estimated through cross-fitting, and the orthogonalized treatment and out-
come residuals are used to obtain the effect estimate. The orthogonalized outcome and
treatment residuals are then related through the partially linear score in Equation (6).

Y—-g(Z)=0[D-—m(Z)] +¢ (6)

where Y is the observed engineering-perturbed carbon emission, D is the treatment variable,
Z is the adjustment set, g(Z) and m(Z) are cross-fitted nuisance functions, 6 is the DML
effect per native unit of D, and ¢ is the residual term.

For engineering interpretation, all effects are reported using fixed practical increments:
RAP content +10 percentage points, aging coefficient +0.1, rejuvenator dosage +1 percent-
age point, and mixing temperature +10 °C. The estimated effects are expressed as t CO,-eq
with corresponding confidence intervals.
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2.6.2. Conditional Average Treatment Effect (CATE)

CATE-style analysis evaluates how the modeled RAP effect changes under differ-
ent combinations of rejuvenator dosage, mixing temperature, and aging coefficient. It is
implemented using predefined mechanism-grid conditions and is used to identify condition-
dependent emission responses. Equation (7) is the primary formula.

CATEg<r> = ELCA(I‘Zg) - ELCA(O‘Zg) (7)

where E; ¢ is the deterministic mechanism/LCA response, r is RAP fraction, and zZg denotes
the fixed rejuvenator-temperature-aging condition for group g.

Five condition groups are used: (1) rejuvenator 0%, 140 °C, aging 0.8 with RAP 10-20%;
(2) 1%, 150 °C, aging 1.0 with RAP 25-40%; (3) 2%, 160 °C, aging 1.2 with RAP 45-60%;
(4) 3%, 170 °C, aging 1.4 with RAP 65-80%; and (5) 4%, 180 °C, aging 1.6 with RAP 85-100%.

2.6.3. Mediation Effect

Mediation analysis is used to explore the pathway through which rejuvenator dosage
affects total carbon emissions. In this study, production-stage carbon emission (E3) is
considered as the mediator, and the analysis is interpreted as a pathway diagnostic based
on the deterministic LCA response surface.

(1) Total effect model:

E=cX+¢g (8)

where E is the total carbon emissions; c is the total effect coefficient; and ¢, is the error term
in the total effect model.
(2) Model of the effect of the treatment on the mediator variable:

M=aX+¢ (9)

where M is the energy consumption during the production stage; a is the path coefficient;
and ¢, is the error term in the model of the treatment’s effect on the mediator.
(3) Mediator-outcome model:

E=cX+bM + ¢ (10)

where E is the total carbon emissions; ¢’ is the direct effect coefficient; b is the coefficient of
the effect of the mediator on the outcome; and ¢; is the error term in the outcome model
including the mediator.

The paper decomposition therefore describes how much of the modeled rejuvenator—
emission association is aligned with the E3 production-stage pathway under the specified
data-generating process.

2.6.4. Counterfactual Prediction

Counterfactual analysis evaluates the modeled emission change caused by modifying
one or more process parameters while keeping other conditions unchanged. Exact-grid
states are compared to quantify the emission impact of specific process adjustments. Equa-
tion (11) is the primary formula.

AE = ELCA(ch) - ELCA(Xbase) (11)

where X, is the baseline grid-supported parameter vector; X is the counterfactual
grid-supported vector; and E; 4 (-) is the deterministic mechanism/LCA carbon-emission
response.

The baseline is RAP 30%, aging 1.0, rejuvenator 2%, and 160 °C. Three comparisons
are evaluated: rejuvenator 2% — 4% at 160 °C, temperature 160 — 150 °C at rejuvenator 2%,
and the joint state rejuvenator 4% plus 150 °C.
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2.6.5. Global Model-Based Sensitivity Contribution

Global sensitivity contribution analysis evaluates the relative influence of each process
variable on the overall variation in the modeled carbon-emission response. The contribution
values are calculated from the variation in averaged responses across the parameter levels
and are used to identify dominant factors.

s = SDl{mean[ELCA|X]- = lel]} (12)
G =100s;/Zk,, (13)

Here | indexes the discrete levels of factor j, and k indexes the four process factors.

This metric ranks model-based influence across the deterministic mechanism grid. It
is not a Sobol first-order or total-order index and does not decompose interaction variance.

The resulting normalized contributions for RAP content, aging coefficient, rejuvenator
dosage, and mixing temperature are used only to prioritize influential model dimensions
and to support interpretation of the response surface.

2.6.6. Local Marginal and Interval-Effect Analysis

Local marginal effects are calculated from adjacent points in the deterministic mecha-
nism grid under representative operating conditions. This analysis identifies parameter
intervals where small changes produce relatively larger emission variations, as shown in
Equation (14).

ME;, = [ELCA(xj,l +1) - ELCA(xj,l)]/[xj,l +1-— xj,l] x A (14)

Here Aj equals 0.10 for RAP, 0.10 for aging, 0.01 for rejuvenator, and 10 °C for mixing
temperature. Both sign and magnitude are retained, and the interval with the largest
absolute standardized effect is identified for each factor. These are local response-surface
effects rather than global DML estimates.

2.6.7. Model-Based Heterogeneity and Conditional-Contrast Analysis

Heterogeneity analysis evaluates whether the effect of one process adjustment varies
under different RAP contents or aging conditions. These conditional contrasts are used to
characterize interactions among process variables and identify nonlinear response patterns.
These contrasts are defined in Equations (15) and (16).

AEgeiry = Epca(r, 1.0,4%,160) — Ejca (1, 1.0,2%, 160) (15)

AFgap@ = Erca(50%,a,2%,160) — By ca(30%,a,2%, 160) (16)

where r indexes RAP content and a indexes aging coefficient. Positive values indicate higher
modeled life-cycle carbon emission after the stated process change.

The purpose is to reveal whether the modeled effect of one process adjustment changes
systematically with another process or material condition.

2.7. Cost—Benefit Analysis

To comprehensively evaluate the economic feasibility of different RAP recycling
schemes, this study constructs a life-cycle cost-benefit analysis model. The model quantifies
costs and savings associated with materials, transport, energy, construction, maintenance,
end-of-life treatment, and carbon value. When interpreted together with the LCA results,
these indicators reveal whether a carbon-reducing and resource-circular option is also
economically supportable under the assumed price conditions. Net benefit and payback-
related indicators are therefore used as sustainability decision-support metrics rather than
as substitutes for environmental performance.
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2.7.1. Cost Composition and Calculation Model

The total cost consists of the following six components, covering the economic inputs
of the entire process from raw materials to final disposal, and is calculated according to
Equation (17).

Ctotul = Cmuterial + Ctmnsport + Cenergy + Cconstruction + Cmaintenunce + Cwuste (17)

where Cy, is the total cost; Cpterial is the material cost; Cyaneport IS the transportation cost;
Cenergy 18 the energy cost; Congtruction 1S the construction cost; Craintenance i the maintenance

cost; and C,, .. is the waste disposal cost.

2.7.2. Revenue Composition and Calculation Model

Total revenue comes from material substitution, carbon emission reduction trading,
and savings from extended life cycle, and is calculated according to Equation (18).

Btatal = Bmaterial + Bcarban + Bmuintemmce (18)

where By, is the total revenue; B, ;eria1 is the material saving revenue; B, ., is the carbon
emission reduction revenue; and B, intenance 1S the maintenance extension revenue.

2.7.3. Key Economic Evaluation Indicators

(1) Net benefit

Net benefit is a core indicator for evaluating the economic viability of a scheme. It
represents the net economic profit generated by the scheme after considering all incremental
costs. It answers the question of whether using virgin materials results in a profit or loss
compared to adopting the RAP scheme. It is calculated according to Equation (19).

Bn = Btotal - Ctoml - Cbase (19)

where B, is the net benefit; C, ... is the total cost of the baseline scheme (0% RAP).

(2) Payback period

The payback period measures how long it takes for the initial additional investment (or
cost change) incurred by adopting the RAP technology to be offset by the benefits generated.

3. Results and Discussion
3.1. Four-Model Predictive Benchmark

The main predictive benchmark compares BP, RF, XGBoost, and SVR-RBF using
the same 11 observable process-and-context predictors and the same grouped five-fold
plant-day partitions. The BP achieved the highest grouped-CV mean R? of 0.9638
(RMSE = 12.572 t CO,-eq; MAE = 9.635 t CO,-eq), followed by random forest (R = 0.9300;
RMSE = 17.501; MAE = 13.428), MATLAB-XGBoost (R* = 0.9192; RMSE = 18.790;
MAE = 14.388), and SVR-RBF (R? = 0.8396; RMSE = 26.576; MAE = 19.650). Figure 3
shows the mean R? values and fold-to-fold variability, and Table 6 shows the correspond-
ing out-of-fold predictions. BP was therefore selected automatically as the sole auxiliary
nuisance learner for the subsequent DML analysis.
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Figure 3. Context-informed grouped five-fold R? comparison of BP, SVR-RBF, random forest, and
XGBoost.

Table 6. Context-informed four-model predictive benchmark using 11 observable predictors and
grouped five-fold cross-validation by plant day.

Model Mean R? Mean RMSE Mean MAE
BP neural network 0.9638 12.572 9.635
Random forest 0.9300 17.501 13.428
XGBoost 0.9192 18.790 14.388
SVR-RBF 0.8396 26.576 19.650

Best-model selection for causal assistance was based only on the pre-specified criterion
of the largest grouped five-fold mean R?. The selected model was BP (R? = 0.9638), and
neither the sign nor magnitude of the subsequent DML effects was used during model se-
lection.

Figure 3 reports the mean grouped five-fold R? of BP, SVR-RBF, random forest, and
MATLAB-XGBoost with fold-to-fold standard-deviation error bars.

3.2. Representative Operating Conditions and Exact-Grid Carbon Screening

Representative operating conditions are used for descriptive exact-grid mecha-
nism/LCA comparison. The common reference is 0% RAP, aging 1.0, 0% rejuvenator,
and 160 °C, for which the executed model produced 289.557 t CO,-eq. The remaining four
exact-grid cases produced 255.587 t CO,-eq (—11.73%) for 30% RAP/1.0 aging/2% rejuve-
nator/160 °C; 216.259 t CO,-eq (—25.31%) for 40% RAP/0.8 aging/1% rejuvenator/140 °C;
553.691 t CO,-eq (+91.22%) for 70% RAP/1.6 aging /4% rejuvenator/180 °C; and 596.342 t
CO,-eq (+105.95%) for 90% RAP/1.6 aging/5% rejuvenator/175 °C. All percentage changes
in Table 7 use the same reference.
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Table 7. LCA/model results under representative grid-supported operating conditions.
Recvelin Predicted Change
Case RAP Content Aging Degree yeg Temperature Carbon Relative to
Agent - .
Emission Baseline
1 0% 1.0 0% 160 °C 289.557 0.00%
2 30% 1.0 2% 160 °C 255.587 —11.73%
3 40% 0.8 1% 140 °C 216.259 —25.31%
4 70% 1.6 4% 180 °C 553.691 +91.22%
5 90% 1.6 5% 175 °C 596.342 +105.95%

The executed workflow produced two exact-grid carbon-screening results. The unre-
stricted grid minimum was 186.672 t CO,-eq at 50% RAP, aging 0.8, 0% rejuvenator, and
140 °C, which is 35.53% below the 289.557 t CO,-eq reference. Under the conservative engi-
neering screen (RAP 30-60%, rejuvenator 1-3%, temperature 145-160 °C, aging fixed at 1.0),
the minimum was 215.278 t CO,-eq at 50% RAP, 1% rejuvenator, and 145 °C, corresponding
to a 25.65% reduction. Both are exact grid points; no off-grid interpolation is used for these
reported screening results.

Emin = mm(XEG}ELCA(X) (20)

where G is either the full mechanism grid or the engineering-screened subset and E; ¢4 y) is
the directly calculated life-cycle carbon emission at grid point x.

The unrestricted minimum is a mathematical carbon-only lower bound and should
not be interpreted as an engineering mixture recommendation. The engineering-screened
candidate uses conservative process bounds but still lacks laboratory/field performance
constraints; its mechanical feasibility therefore requires independent verification.

3.3. DML Causal-Effect Analysis and Secondary Mechanism Diagnostics

All effects in this section are interpreted within the specified LCA/engineering-
perturbation data-generating process. The primary causal estimand is the cross-fitted
DML practical-increment effect under the stated adjustment assumptions. The other six
analyses—CATE-style conditional contrasts, mediation, counterfactuals, global model-
based sensitivity contribution, finite-difference marginal effects, and heterogeneity—are
secondary mechanism diagnostics. Their conditioning sets and units differ from the global
DML result and they are not presented as independent proof of real-world causal effects.

3.3.1. Cross-Fitted DML Using the Best-Performing Model Selected from the
Four-Model Benchmark

The four predictive models were compared first, and BP was carried into the causal
stage because it had the highest grouped-CV mean R? (0.9638). The BP model family
was used for both outcome and treatment nuisance learning within plant-day cross-fitting.
For computational efficiency, the repeated nuisance fits used the pre-specified reduced-
complexity BP configuration while retaining the same selected model family. The executed
run used four parallel workers and reused the existing audited DML cache when available.

Effects are reported on common practical increments. Cross-fitted DML effect esti-
mates result in Table 8. The executed DML estimates were: RAP + 10 percentage points,
12.492 t CO,-eq (SE = 1.388; 95% CI: 9.770-15.213); aging + 0.1, 7.077 t CO,-eq (SE = 0.422;
95% CI: 6.250-7.904); rejuvenator + 1 percentage point, 13.189 t CO,-eq (SE = 0.451; 95%
CI: 12.306-14.073); and mixing temperature + 10 °C, 8.632 t CO,-eq (SE = 0.739; 95% CI:
7.182-10.081). All four estimates use BP as the selected nuisance learner.
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Table 8. Cross-fitted DML effect estimates using the best-performing model selected from the four-
model grouped-CV benchmark.

Reporting DML Effect N
Treatment Increment Selected Best Model (£ CO,-eq) 95% CI (t CO,-eq)
RAP content 10 percentage BP 12.492 9.770 to 15.213
points
Aging coefficient +0.1 BP 7.077 6.250 to 7.904
Rejuvenator dosage ~ +1 percentage point BP 13.189 12.306 to 14.073
Mixing temperature +10 °C BP 8.632 7.182 to 10.081

RAP (+10 percentage points)

Rejuvenator (+1 percentage point)

MixingTemp (+10 C)

Figure 4 presents the four selected-model DML estimates as a forest plot. Each row
corresponds to one practical process increment and shows the estimated intervention effect
with its 95% confidence interval and a zero-effect reference line. Because model selection
occurs before DML and is based only on grouped-CV predictive accuracy, Figure 4 visualizes
the causal target after the auxiliary-learning decision rather than comparing causal results
across algorithms. Different colors distinguish the four intervention estimates in Figure 4.

T
12.49 [9.77,15.21]

Aging (+0.1) o 7.086.25, 7.90] 1

13.19 [12.31, 14.07]

T
1

| ‘ ' ‘ 8.63[7,18, 10.08]

2 4 6 8 10 12 14 16
Model-based intervention effect (t COz-eq)

0

Figure 4. Cross-fitted DML practical-increment effects using the automatically selected best-
performing prediction model as the sole nuisance learner.

3.3.2. Secondary Diagnostics

Marginal-effect and heterogeneity analyses complement the global DML estimand by
asking how the modeled response changes locally and whether the effect of one process
adjustment varies with the level of another factor. In causal-inference terms, these analyses
are useful for detecting nonlinearity and effect modification that can be hidden by an average
treatment effect. They are therefore important for translating the global DML result into
condition-specific engineering interpretation, although in this study they remain diagnostics
of the programmed LCA response surface rather than separately identified field-causal
estimands. Figures 5 and 6 present the corresponding local and conditional patterns.
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Figure 5. Mechanism-based one-factor response curves: (a) RAP content; (b) aging coefficient; (c)
rejuvenator dosage; (d) mixing temperature.
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Figure 6. Signed local finite-difference effects: (a) RAP content; (b) aging coefficient; (c) rejuvenator
dosage; (d) mixing temperature.

Figures 5 and 6 show pronounced nonlinearity in the modeled RAP response. The
carbon-emission response decreases over much of the low-to-moderate RAP range and then
changes sharply in the higher-RAP region. The largest absolute standardized local effect
occurs at RAP 60-65%, reaching 217.582 t CO,-eq per +10-percentage-point RAP increment.
The strongest local intervals for aging, rejuvenator dosage, and mixing temperature are
1.5-1.6 (4.800 t CO,-eq per + 0.1), 4-5% (14.574 t CO,-eq per + 1 percentage point), and
175-180 C (26.219 t CO,-eq per + 10 C), respectively. These results show that the modeled
process response is not well represented by a constant slope across the full factor range.
The practical significance is that the global DML effect should be interpreted as an average
intervention effect, while threshold-like regions, especially the RAP 60-65% interval and
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high-temperature range, require separate attention because small parameter changes there
can produce much larger modeled emission responses.

Figure 7 further demonstrates conditional effect heterogeneity. Increasing rejuvenator
dosage from 2% to 4% at aging 1.0 and 160 C increases modeled life-cycle emissions by
26.843-28.528 t CO,-eq as RAP varies from 10% to 90%, indicating a consistently positive
emission penalty over the examined RAP range. In contrast, the effect of increasing RAP
from 30% to 50% at 2% rejuvenator and 160 C varies from —27.966 to +1.222 t CO,-eq as
the aging coefficient rises from 0.8 to 1.6. Thus, the modeled carbon benefit of additional
RAP is substantial at low aging levels but diminishes and approaches a sign reversal as
aging becomes more severe. This is important for causal interpretation because a single
average effect can conceal condition-dependent changes in both magnitude and direction.
Engineering decisions on RAP content should therefore be conditioned on material state
and accompanying process settings rather than based on a universal RAP target.

(a) | | _ &)

A emission: rejuvenator 2% —» 4% (t COZ—eq)
A emission: RAP 30% — 50% (t COz-eq)

0.6 0.8 1 1.2 1.4 1.6 1.8
Aging coefficient

RAP content (%)

Figure 7. Model-based conditional-contrast diagnostic analogous to the original heterogeneity plots:
(a) emission change for rejuvenator 2% — 4% across RAP levels at aging 1.0 and 160 °C; (b) emission
change for RAP 30% — 50% across aging levels at rejuvenator 2% and 160 °C.

3.4. Engineering Perturbation, White-Noise Robustness, and Extended Mechanism Diagnostics

Causal interpretation is useful only when the estimated effects remain reasonably stable
under plausible engineering perturbations and when their conditional patterns and limits of
transportability are understood. This section therefore evaluates outcome-noise robustness,
conditional RAP effects, mediation and counterfactual structure, global response sensitivity,
and the Sim-to-Real boundary. These analyses do not replace the primary cross-fitted DML
estimator; instead, they test the stability, mechanism interpretation, and practical relevance
of the model-based causal conclusions. The engineering layer contains 300 plant-day blocks
and 3000 observations, with a main Gaussian white-noise standard deviation of 6.54 t
CO,-eq, equal to 2.0% of the mean context-adjusted outcome.

3.4.1. White-Noise Robustness of the Selected-Model DML Effects

In causal inference, an estimated intervention effect is more credible when its direction
and approximate magnitude are not driven by modest outcome noise. White-noise stress
testing is therefore used here as a robustness diagnostic for the cross-fitted DML estimates.
It evaluates sensitivity to unresolved measurement or model error while retaining BP
as the selected nuisance-model family; in the fast configuration, the cached cross-fitted
nuisance predictions are held fixed so that the comparison isolates alternative outcome-noise
realizations. The 0%, 2%, 5%, and 10% noise scenarios are shown in Figure 8.
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Figure 8. Fast fixed-nuisance robustness of the selected-model DML practical-increment effects to
additive Gaussian white noise with standard deviations of 0%, 2%, 5%, and 10% of the mean context-
adjusted carbon emission. (a) RAP content; (b) aging coefficient; (c) rejuvenator dosage; (d) mixing
temperature.

Figure 8 indicates that the four DML effect estimates preserve their positive direction
across all examined white-noise levels, and the displayed 95% confidence intervals remain
above the zero-effect reference. The aging effect is comparatively stable, whereas the RAP
estimate shows greater fluctuation and the rejuvenator and mixing-temperature estimates
tend to decline as stronger noise is introduced. Confidence intervals also become wider at
the higher-noise settings, particularly for the temperature effect. The significance of this
result is that the main directional DML conclusions are not produced by a single low-noise
realization, although the magnitude of some effects is more noise-sensitive than others.
This robustness test should not be interpreted as proof against unmeasured confounding,
because the perturbation acts on the outcome and the fast configuration keeps the nuisance
predictions fixed; rather, it is evidence of stability to the specified measurement-noise
stress test.

3.4.2. CATE-Style Conditional RAP Contrasts

Conditional average treatment effect analysis is intended to reveal whether an interven-
tion has different consequences under different background conditions. This is important
because a global average effect may hide subgroups in which the magnitude or even the
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direction of the response changes. In the present study, CATE-style exact-grid contrasts
compare selected RAP levels with RAP = 0 under five representative combinations of
rejuvenator dosage, mixing temperature, and aging coefficient. The resulting conditional
patterns are shown in Figure 9; they are interpreted as mechanism-surface diagnostics
rather than independently identified field CATEs.
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Figure 9. CATE-style conditional RAP contrasts relative to RAP = 0 under five representative
rejuvenator—temperature-aging conditions: (a) contrast versus RAP content within each condition
group; (b) mean CATE-style contrast by condition group.

Figure 9 shows a clear transition across the five condition groups. The mean contrasts
are —34.412 t CO,-eq for Group 1, —58.598 t CO,-eq for Group 2, and —30.466 t CO,-
eq for Group 3, indicating lower modeled emissions than the RAP = 0 reference under
these lower-to-moderate condition combinations. In contrast, Group 4 and Group 5 show
positive mean contrasts of +149.262 and +249.251 t CO,-eq, respectively. The change from
negative to strongly positive contrasts indicates that the modeled environmental benefit
of RAP is highly condition-dependent and can turn into an emission penalty under more
adverse combinations of aging, temperature, and rejuvenator dosage. This is important
for causal interpretation because it demonstrates why the global DML ATE should not be
translated into a one-size-fits-all RAP recommendation. Because the three conditioning
variables change together across the predefined groups, however, the sign change cannot
be attributed to any single modifier in isolation.

3.4.3. Mediation and Counterfactual Mechanism Diagnostics

Mediation and counterfactual analyses address two complementary causal questions.
Mediation analysis examines the pathway through which an exposure is associated with the
outcome. Counterfactual analysis estimates the modeled outcome that would be expected
under a specified intervention while other factors are held fixed. These questions are
important because an average effect estimate alone does not reveal the operating pathway
or the consequence of a concrete process change. In this study, mediation is treated as a
pathway decomposition on the deterministic mechanism grid, while the counterfactual
analysis uses exact-grid intervention contrasts. Figure 10 presents both diagnostics.
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Figure 10. Secondary mechanism diagnostics: (a) rejuvenator-to-E3 mediation decomposition into
total, direct, and indirect components; (b) exact-grid counterfactual carbon emissions for the baseline
and three specified process-change scenarios.

In Figure 10a, the rejuvenator-to-E3-to-total-emission decomposition yields a total
coefficient of 1349.9229 t CO,-eq per rejuvenator fraction, a direct coefficient of 1349.9229, an
indirect coefficient of 0.0000, and a mediation proportion of 0.00%. Under the current linear
decomposition, the selected E3 pathway therefore does not explain an additional indirect
component of the modeled rejuvenator-emission relationship; the estimated association is
entirely assigned to the direct component relative to this mediator specification. Figure 10b
provides the complementary intervention perspective. Starting from the exact-grid baseline
of 255.587 t CO,-eq, increasing rejuvenator dosage from 2% to 4% raises emissions to
283.073 t CO,-eq (+10.75%), reducing temperature from 160 C to 150 C lowers emissions
to 251.961 t CO,-eq (—1.42%), and combining 4% rejuvenator with 150 C produces 279.447
t CO,-eq (+9.34%). Thus, the carbon saving from the lower temperature is insufficient to
offset the increase associated with the higher rejuvenator dosage in this baseline state. The
significance is that intervention decisions should be evaluated jointly rather than assuming
that one favorable adjustment will necessarily compensate for another unfavorable one.

3.4.4. Global Sensitivity Results

Global sensitivity analysis is not itself a causal-effect estimator, but it is an important
complement to causal inference because it identifies which modeled inputs account for
the greatest overall variation in the response surface. Such information helps prioritize
measurement quality, process control, and the variables for which effect heterogeneity
deserves closer examination. The present metric is the normalized variability of level-wise
mean mechanism responses, not a Sobol variance decomposition. Figure 11 summarizes
the resulting global contributions.

Figure 11 shows that RAP content contributes 55.35% of the normalized global response
variability, making it the dominant factor over the modeled design space. Rejuvenator
dosage contributes 17.07%, aging coefficient 16.49%, and mixing temperature 11.09%. The
result highlights RAP as the factor that most strongly structures the overall response surface
and therefore as the highest-priority dimension for global process monitoring and condition-
specific analysis. Importantly, these percentages should not be equated with the DML
practical-increment effects. For example, rejuvenator has a DML effect of 13.189 t CO,-
eq per + 1 percentage point, slightly larger than the 12.492 t CO,-eq effect for RAP + 10
percentage points, even though its global sensitivity contribution is much smaller. This
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distinction is important: sensitivity ranks response variability over the full factor range,
whereas DML estimates the average intervention effect on a specified practical increment.
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Figure 11. Model-based global sensitivity contribution of RAP content, aging coefficient, rejuvenator
dosage, and mixing temperature.

3.4.5. External Engineering Evidence and Sim-to-Real Boundary

External evidence is directly related to the transportability and external-validity stage
of causal inference. An effect can be internally well defined within a model-based data-
generating process yet still fail to transfer to real plants if the operating ranges, energy
pathways, or disturbance structure are unrealistic. Published plant and project data are
therefore used here to check engineering scale and plausible perturbation directions, not as
sample-level validation of the complete LCA model.

The published evidence supports the order of magnitude and direction of several
engineering perturbations used in the study. Schonauer et al. (2024) [34] reported ap-
proximately 22% lower fuel consumption per tonne at high production volume and up
to 9% fuel saving when production temperature decreased from 186 C to 162 C. Wang
etal. (2024) [35] reported 3.623 kWh/t for dust removal, 5.181 kg heavy oil/t for aggregate
drying, 1.561 kg natural gas/t for asphalt heating, and 7.302 kWh/t for blending in AC-13
production. Schonauer et al. (2026) [36] measured aggregate moisture of 1.46-9.83% and
approximately 6.86 kWh/t additional dryer energy per 1 mass% moisture increase. Addi-
tional plant and project studies provide comparable energy and carbon-emission scales but
use different system boundaries and mixture conditions. The significance of these compar-
isons is that they support the plausibility of the stress-test layer while also defining a clear
Sim-to-Real boundary: the present results remain model-based until project-specific records
with the same 11 observable predictors and measured carbon emissions are available for
true external validation.

3.5. Grid-Supported Carbon Screening and Engineering-Screened Low-Carbon Candidate

Carbon screening is a downstream decision-support step rather than a separate causal
estimator. Its relationship to the causal analysis is that the estimated intervention patterns
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and mechanism diagnostics are translated into candidate operating combinations on the
same LCA response surface. This step is important because causal-effect estimation is most
useful when it can inform a practical decision while clearly separating a mathematical car-
bon minimum from a more conservative engineering-screened choice. Figure 12 compares
the reference condition, the unrestricted grid minimum, and the engineering-screened can-
didate.
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Figure 12. Comparison of the reference condition, the unrestricted grid-supported carbon minimum,
and the engineering-screened low-carbon candidate.

Figure 12 shows a reference emission of 289.557 t CO,-eq. The unrestricted 10,206-
case grid minimum is 186.672 t CO,-eq at 50% RAP, aging 0.8, 0% rejuvenator, and 140 C,
corresponding to a 35.53% reduction from the reference. After applying the conservative
screen of RAP 30-60%, rejuvenator 1-3%, mixing temperature 145-160 C, and aging fixed at
1.0, the lowest-emission candidate is 215.278 t CO,-eq at 50% RAP, 1% rejuvenator, and 145 C,
corresponding to a 25.65% reduction. The engineering screen therefore gives up 28.606 t
CO,-eq of the theoretical carbon advantage, or 9.88 percentage points of reduction relative
to the reference, in exchange for remaining within the pre-specified conservative process
window. The result is consistent with the preceding causal and mechanism diagnostics:
RAP is the dominant global response dimension, but its effect is nonlinear and condition-
dependent, so the lowest-carbon decision cannot be inferred from RAP content alone. The
screened solution should still be regarded as a carbon-only candidate, because workability,
compaction, rutting, moisture resistance, cracking, fatigue, durability, and field performance
have not been experimentally validated in the present dataset.

3.6. Results of Cost—Benefit Analysis of the Carbon Emission Model

Cost-benefit analysis is the final decision-support layer of the causal analysis frame-
work. It does not provide an additional causal estimand; instead, it tests whether the
low-carbon operating combination selected after the intervention and mechanism analyses
remains economically attractive when the same life-cycle cost equations are applied. This
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step is important because an intervention can reduce carbon emissions while increasing
material or energy expenditure, so carbon optimality and economic optimality should not
be assumed to coincide. Figure 13 retains the two most decision-relevant outputs from the
executed cost-benefit module: the RAP-dependent cost/economic-effect curve and the cost
composition of the engineering-screened candidate.
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Figure 13. Selected outputs from the audited life-cycle cost-benefit analysis: (a) RAP content ver-
sus total life-cycle cost and net economic effect; (b) cost composition of the engineering-screened
candidate.

Figure 13a shows the one-factor RAP sweep with aging fixed at 1.0, rejuvenator at
2%, and mixing temperature at 160 °C. The modeled total life-cycle cost decreases slightly
from 0% to about 30% RAP, remains near its low level through the moderate-RAP range,
and then increases sharply once RAP exceeds about 60%. The net economic effect remains
negative throughout the sweep and becomes markedly more unfavorable beyond the same
high-RAP region. This pattern indicates a nonlinear economic response and reinforces that
increasing RAP cannot be evaluated from carbon reduction alone: high RAP can introduce
a substantial cost penalty even when environmental benefits are considered.

Figure 13b shows that the engineering-screened candidate is dominated by material
cost (53% of total modeled life-cycle cost), followed by maintenance (13%), end-of-life
treatment (13%), construction (9%), energy (7%), and transportation (5%). For the selected
candidate (50% RAP, aging 1.0, 1% rejuvenator, and 145 °C), the executed model gives
a total cost of 109.65 x 10* CNY compared with 103.55 x 10* CNY for the reference, an
increase of 6.10 x 10* CNY. Its 74.278 t CO,-eq reduction is valued at only 0.371 x 10* CNY at
50 CNY/t CO,-eq, giving a net economic effect of —5.729 x 10* CNY and a break-even carbon
price of approximately 821 CNY/t CO,-eq. This divergence is a central sustainability result:
the selected scheme improves environmental performance and material circularity but is
not cost-saving under the present market assumptions. Sustainable implementation would
therefore require either lower material/rejuvenator costs, a higher effective value of avoided
carbon, other unmodeled benefits, or a different process configuration. Because materials
account for more than half of modeled total cost, procurement and rejuvenator-price control
are particularly influential. These economic conclusions remain scenario-dependent and
should be re-evaluated using project-specific procurement, energy, maintenance, end-of-life,
and carbon-price data before engineering adoption.

https://doi.org/10.3390/su182110780


https://doi.org/10.3390/su182110780

Sustainability 2026, 18, 10780

26 of 28

4. Conclusions

Sustainable use of RAP requires more than increasing recycled content or minimizing
a single carbon indicator. It requires a life-cycle view that connects circular resource use,
greenhouse-gas reduction, engineering uncertainty, causal process understanding, and
economic feasibility. To address these interacting dimensions, this study integrates LCA, a
thermodynamic mechanism model, four machine learning models, selected-model-assisted
cross-fitted DML, mechanism diagnostics, engineering-constrained low-carbon screening,
and life-cycle cost-benefit analysis. Based on the 10,206-point deterministic LCA mechanism
grid and a 3000-observation semi-synthetic plant-day layer, the framework links predictive
benchmarking, model-based causal-effect estimation, circular-material/carbon screening,
and environmental-economic evaluation within a unified sustainability-oriented workflow.
The main conclusions are as follows:

(1) Under the same context-informed plant-day grouped five-fold validation, BP
achieved the highest predictive accuracy (R? = 0.9638) and was therefore selected auto-
matically as the nuisance learner for cross-fitted DML. The estimated practical-increment
effects were 12.492 t CO,-eq for RAP + 10 percentage points, 7.077 t CO,-eq for aging +
0.1, 13.189 t CO,-eq for rejuvenator + 1 percentage point, and 8.632 t CO,-eq for mixing
temperature 4 10 °C; all effects remained positive in the 0-10% white-noise robustness tests.

(2) The mechanism diagnostics reveal pronounced nonlinearity and condition depen-
dence. RAP contributed the largest normalized global response share (55.35%) and showed
a strong local response around 60-65% RAP. CATE-style, heterogeneity, counterfactual,
mediation, and marginal analyses further indicate that RAP effects depend jointly on aging,
rejuvenator dosage, and mixing temperature rather than on RAP content alone.

(3) The unrestricted grid minimum was 186.672 t CO,-eq at 50% RAP, aging 0.8, 0%
rejuvenator, and 140 °C, representing a 35.53% reduction from the reference. After applying
the conservative engineering window, the selected candidate was 50% RAP, aging 1.0, 1%
rejuvenator, and 145 °C, with 215.278 t CO,-eq and a 25.65% reduction, demonstrating
the distinction between a mathematical carbon minimum and an engineering-screened
low-carbon solution.

(4) The engineering-screened candidate increased modeled life-cycle cost by 6.10 x 10%
CNY and produced a net economic effect of —5.729 x 10* CNY at a carbon value of 50 CNY /t
CO,-eq; the estimated break-even carbon price was about 821 CNY/t CO,-eq. Thus, carbon
reduction does not necessarily imply economic optimality. Because the analysis remains
based on the programmed LCA framework and semi-synthetic engineering perturbations,
project-specific emissions, local costs, and laboratory/field performance should be validated
before practical implementation.
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