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ABSTRACT 
The accelerating generation of construction and demolition (C&D) waste, alongside the progressive depletion of natural 
aggregate reserves, has intensified global interest in recycled aggregate concrete (RAC) as structurally viable and 
environmentally responsible material. Despite extensive research into the mechanical properties of RAC, the time-
dependent deformation characteristics   specifically creep, and drying shrinkage   remain insufficiently characterised for 
codified design application, particularly under Indian climatic and material conditions. This investigation presents a 
comprehensive experimental programme in which natural coarse aggregates were replaced with recycled coarse aggregates 
(RCA) at four volumetric levels: 0% (NAC), 25% (RAC-25), 50% (RAC-50), and 100% (RAC-100), within an M30 grade 
mix designed per IS 10262:2019 with a water-to-cement ratio of 0.45. Compressive strength was assessed at 3, 7, 14, and 
28 days on 150 mm cubes; creep and drying shrinkage were monitored over 180 days on 150 × 300 mm cylinders. Complete 
replacement of natural aggregate produced a 21.7% reduction in 28-day compressive strength (38.8 → 30.4 N/mm²), a 
55.3% increase in creep strain (850 → 1320 µε), and a 75.0% increase in drying shrinkage (480 → 840 µε). These 
degradations are mechanistically attributed to the residual adhered mortar on RCA surfaces, elevated water absorption 
(5.2% vs 1.1% for NCA), and the consequent weakening of the interfacial transition zone (ITZ). To extend predictive 
capability beyond the experimental envelope, an artificial neural network (ANN) model with an 8-12-8-3 architecture was 
trained, validated, and tested using k-fold cross-validation. The ANN achieved R² values of 0.981, 0.977, and 0.975 for 
compressive strength, creep, and shrinkage, respectively, outperforming Random Forest, XGBoost, and SVR baselines. 
SHAP (SHapley Additive exPlanations) analysis identified RCA replacement percentage, water-to-cement ratio, and water 
absorption as the three dominant predictors. A modified ACI 209-based creep coefficient equation incorporating RCA 
content is proposed and validated. The findings support 25–50% RCA replacement as a structurally acceptable and 
sustainable design choice, with a formal call for inclusion of RCA-specific deformation factors in IS 456 and IS 1343. 
How to cite this article: Deore K N, Salunke K A, Pagar S U, Maidase P D., Creep and Shrinkage Behaviour of Recycled 
Aggregate Concrete: Experimental Investigation, Predictive Modelling, and Artificial Neural Network-Based Long-Term 
Deformation Analysis. Int J Drug Deliv Technol. 2026;16(43s): 951-965; Doi: 10.25258/Ijddt.16.43s.103 
1. INTRODUCTION 
Concrete is the second most consumed material globally, 
and its production demands approximately 9–12 billion 
tonnes of natural aggregates per annum [1]. In India 
alone, urbanisation, infrastructure expansion under 
flagship programmes such as PMGSY and Smart City 
Mission, and the accelerating cycle of demolition and 
reconstruction collectively generate in excess of 150 
million tonnes of construction and demolition (C&D) 
waste annually [2]. Of this quantum, only an estimated 
12–15% is currently processed and recycled; the 
remainder is indiscriminately landfilled, contributing to 
ecological degradation, riverbed depletion, and loss of 
productive land [3]. 

Recycled aggregate concrete (RAC) in which crushed 
concrete debris from demolished structures is substituted 
for virgin coarse aggregate   offers a technically plausible 
and environmentally compelling pathway to close this 
resource loop. Studies have consistently demonstrated 
that RAC can achieve compressive strengths comparable 
to conventional concrete at moderate replacement levels 
(25–50%) [4,5]. However, the structural viability of 
RAC for load-bearing applications is ultimately 
governed not only by short-term strength but also by 
long-term deformation: creep (time-dependent strain 
under sustained compressive stress) and drying 
shrinkage (volumetric contraction driven by moisture 
egress). Excessive creep causes progressive mid-span 
deflection in beams and prestress loss in post-tensioned 
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elements, while uncontrolled drying shrinkage 
precipitates surface cracking, elevated permeability, and 
compromised durability [6]. 
The physical peculiarity of recycled aggregate   a 
composite comprising original natural aggregate 
encrusted with partially hydrated old cement mortar   
endows it with properties fundamentally different from 
its natural counterpart: higher porosity, elevated water 
absorption (typically 4–8% versus <2% for natural 
aggregate), lower elastic modulus, and a pre-existing 
network of microcracks at the old mortar–new paste 
interfacial transition zone (ITZ) [7]. These attributes 
collectively amplify creep and shrinkage magnitudes, 
with published data indicating creep increases of 15–
55% and shrinkage increases of 20–70% relative to 
conventional concrete, depending on RCA content and 
source quality [8,9]. 
Despite this body of evidence, several critical knowledge 
gaps persist. First, the mechanistic linkage between 
specific RCA physical properties (water absorption, 
adhered mortar content, aggregate shape) and measured 
creep/shrinkage response has not been quantified in a 
unified predictive framework applicable to Indian 
aggregate sources. Second, predictive models for RAC 
long-term deformation   either empirical modifications 
of ACI 209 or CEB-FIP MC90   have been calibrated on 
predominantly European or Chinese dataset and may not 
extrapolate reliably to Indian material and climatic 
conditions [10,11]. Third, the emerging paradigm of 
machine learning (ML) for concrete property prediction 
has largely focused on compressive strength; systematic 
ML modelling of RAC time-dependent deformation   
particularly using explainable AI tools such as SHAP   
remains nascent [12]. 
This paper addresses these gaps through four coordinated 
objectives: (i) systematic experimental characterisation 
of compressive strength, creep, and drying shrinkage for 
RAC with 0–100% RCA replacement; (ii) mechanistic 
interpretation of deformation behaviour through material 
characterisation data (water absorption, specific gravity, 
impact value, ITZ microstructure); (iii) proposal and 
validation of a modified ACI 209 creep coefficient model 
incorporating RCA content; and (iv) development, 
validation, and physical interpretation of an ANN-based 
predictive model using SHAP analysis for feature 
importance attribution. 
2. STATE OF THE ART 
2.1 Time-Dependent Deformation in RAC: 
Experimental Evidence 
Domingo-Cabo et al. [8] conducted the landmark 
experimental investigation on creep and drying 
shrinkage of RAC at 0%, 20%, 50%, and 100% coarse 
RCA replacement under controlled temperature (20 ± 
2°C) and relative humidity (55 ± 5%) conditions over 

180 days. Complete replacement produced creep strains 
~51% greater and drying shrinkage ~70% greater than 
the reference mix. The deterioration was attributed 
principally to the additional compliant mortar phase 
introduced by RCA, which amplifies the volumetric 
fraction of the viscoelastic cement paste. 
Fathifazl et al. [13] introduced the Equivalent Mortar 
Volume (EMV) design methodology, which accounts for 
the old mortar already present on RCA surfaces when 
proportioning the new paste. EMV-designed RAC mixes 
exhibited creep and shrinkage values comparable to, and 
in some cases below, those of conventional concrete   a 
finding confirmed by SEM analysis demonstrating 
improved ITZ density. Knaack and Kurama [14] 
demonstrated that ACI 209 over-predicts the creep 
compliance of RAC because the standard model 
calibration database excludes the additional mortar 
content typical of recycled aggregates. They proposed 
source-specific modification factors that scale the ACI 
209 ultimate creep coefficient by a function of RCA 
content. 
More recently, Geng et al. [15] developed an empirical 
creep model for binary RCA mixes (coarse + fine) and 
found that partial fine RCA substitution partially offsets 
the creep increase induced by coarse RCA. Rabadia and 
Aslani [16] applied meta-regression to a compiled 
database of 47 studies, calibrating modified B3 model 
coefficients for RAC with reported R² of ~0.90. In the 
domain of nano-modification, Zhou et al. [17] 
demonstrated that nano-silica surface treatment of RCA 
reduces both creep and shrinkage by ~7% through 
densification of the ITZ. 
Early investigations into the use of alumina silicate in 
self-consolidating concretes indicated that such additions 
can improve the strength of the concrete during both the 
setting and hardening phases [1]. Additional 
investigations into the use of such materials in self-
flowing concretes in the presence of elevated 
temperatures indicated that such additives can lead to 
improvements in the remaining strength of those 
concretes after exposure to those temperatures [2]. 
Research into 3D printing techniques indicated that it is 
possible to print concrete elements, but that some of the 
properties of the concrete are often reduced in such 
construction techniques [3]. The inclusion of 
polypropylene geo-fabric into concretes has been shown 
to lead to improvements in crack control and crack 
resistance of those concretes [4]. 
The use of both steel fibers and polypropylene geo-fabric 
in concretes has been shown to lead to improvements in 
the strength of those concretes, as well as to the crack 
resistance of those concretes [5]. Investigations into 
pervious concretes revealed methods of creating 
pervious concretes that exhibited improved strength [6]. 
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The addition of steel scrap to concretes has been shown 
to improve the strength of those concretes [7]. 
Additionally, research into the replacement of fine 
aggregate with rice husk ash indicates that such a 
replacement is one means of developing sustainable 
construction materials [8]. Further investigations into the 
use of waste steel within concretes indicated that the use 
of steel scrap to strengthen concretes can lead to 
improvements in the strength and toughness of those 
construction materials [9]. Investigations into the 
addition of nano-fillers to concretes indicate that 
concretes with nano-fillers exhibit improvements in their 
reliability and strength [10]. Additionally, studies of 
geopolymer concretes that are reinforced with both steel 
and polypropylene fibers indicate that these materials 
can improve the ductility of those geopolymer concretes 
[11]. The development of affordable 3-axis concrete 
printers were found to be useful in the construction of 
sustainable housing systems [12]. 
In the construction of concretes that utilize recycled 
aggregates, the addition of polyacrylate-based super 
absorbent polymers indicated improvements in strength 
of those concretes [13]. Additionally, investigations into 
the use of bio-mediated methods for the remediation of 
cracked concretes indicates that such methods can be 
effective in increasing the durability of those 
construction materials [14]. Studies of the use of waste 
foundry sand within concretes indicated that such sand 
can lead to improvements in the strength, durability, and 
other physical properties of concretes [15]. Additionally, 
investigations into the development of self-curing 
concretes that utilize polyethylene glycol and recycled 
PET indicated that such concretes have the potential to 
reduce the scarcity of water for construction purposes 
[16]. 
These investigations into concretes indicate the use of 
supplementary cementitious materials [1], thermally-
resistant modified concretes [2], digital construction 
technologies [3], crack-control materials like 
polypropylene geo-fabric [4], methods that incorporate 
both steel and polypropylene fiber to provide additional 
strength and crack control to concretes [5], pervious 
concretes [6], concretes that incorporate recycled 
metallic waste [7], construction materials that utilize 
agricultural by-products [8], methods of utilizing waste 
steel to enhance the strength and toughness of concretes 
[9], nano-scale additives to improve the strength of 
concretes [10], geopolymer concretes that utilize both 
steel and polypropylene fibers [11], 3D printing methods 
to construct sustainable housing [12], internal curing 
techniques to improve the strength of concretes that 
utilize recycled aggregates [13], bio-based methods to 
remediate concretes [14], methods of utilizing waste 
foundry sand in concretes [15], and self-curing concretes 

comprised of sustainable composite materials [16]. Thus, 
each of these methods and technologies redefines 
concretes as construction materials that are both strong 
and sustainable. 
2.2 Machine Learning Applications in RAC 
Property Prediction 
The application of ML methods to predict concrete 
mechanical properties has expanded rapidly. For RAC 
specifically, Feng et al. [18] demonstrated that gradient-
boosted tree models (XGBoost) achieve R² ≈ 0.98 for 
compressive strength prediction using mix proportion 
and aggregate quality inputs. Golafshani et al. [19] 
applied ANN with ensemble averaging to predict RAC 
elastic modulus and found ANN superior to linear 
empirical equations. Despite these advances, ML-based 
prediction of RAC creep and shrinkage   which are multi-
output, time-series problems remain largely unexplored, 
and no published study has applied SHAP-based 
explainability to quantify the relative influence of mix 
variables on RAC long-term deformation. 
2.3 Research Gap and Novelty 
The foregoing review identifies the following unresolved 
gaps: (1) absence of long-term creep and shrinkage data 
for Indian-sourced RCA under ambient tropical 
conditions; (2) lack of a validated modified empirical 
creep model calibrated on Indian RAC data; (3) absence 
of ML models specifically targeting RAC time-
dependent deformation with explainability analysis; and 
(4) no comprehensive codal guidance in IS 456:2000 or 
IS 1343:2012 for RCA deformation design factors. The 
present work directly addresses all four gaps. 
3. MATERIALS AND METHODS 
3.1 Research Design Overview 
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Figure 1. Research methodology flowchart illustrating 
experimental programme, ML model development, and 

analytical framework. 
3.2 Materials Characterisation 
3.2.1 Cementitious Material 
Ordinary Portland Cement (OPC) of 43-grade 
conforming to IS 8112:2013 was employed throughout 
the investigation. Physical and chemical characterisation 
was performed per IS 4031 (Parts 1–15). The standard 
consistency was determined as 33% using the Vicat 
apparatus. Measured specific gravity was 3.08   
marginally below the typical range of 3.10–3.15, 
consistent with the particular clinker composition of the 
source   and initial and final setting times were 85 and 
285 minutes respectively, both within IS 8112 limits (IS 
min. initial = 30 min; IS max. final = 600 min). Specific 
surface area (Blaine) was 327 m²/kg. 
3.2.2 Fine Aggregate 
Natural river sand conforming to Zone II of IS 383:2016 
was utilised as fine aggregate. Sieve analysis on a 500 g 
representative sample yielded a fineness modulus of 
2.72, specific gravity 2.61, and 24-hour water absorption 
1.1%. The cumulative percentage passing values 
satisfied the IS 383 Zone II envelopes at all sizes. 

IS 
Siev

e 
(m
m) 

Retain
ed (g) 

Cum. 
Retain
ed (g) 

Cum. 
% 

Retain
ed 

Cum. 
% 

Passi
ng 

IS 
383 

Zone 
II 

Limi
ts 

(%) 

4.75 10 10 2.0 98.0 90–
100 

2.36 20 30 6.0 94.0 75–
100 

1.18 75 105 21.0 79.0 55–
90 

0.60
0 

150 255 51.0 49.0 35–
59 

0.30
0 

170 425 85.0 15.0 8–30 

0.15
0 

60 485 97.0 3.0 0–10 

Pan 15 500 100.0 0.0   
Table 1. Sieve analysis of fine aggregate (IS 383:2016, 

Zone II). FM = 2.72. 
 
3.2.3 Natural Coarse Aggregate (NCA) 
Crushed granite NCA of 20 mm nominal maximum size, 
conforming to IS 383:2016, was sourced from a local 
quarry. Physical properties were determined per IS 2386 
(Parts I–IV). The aggregate impact value (AIV = 11.5%) 
and crushing value were both within the IS 383 
permissible limits for M30 concrete (AIV < 30%). 
Flakiness and elongation indices were 19.2% and 18.0% 
respectively, indicating predominantly cubical particle 
morphology. 

 
Figure 2. Natural coarse aggregate (NCA) crushed 

granite, 20 mm nominal size   used in the experimental 
programme. 

 
3.2.4 Recycled Coarse Aggregate (RCA) 
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RCA was obtained by manual crushing of structural-
grade demolished concrete collected from a local 
demolition site, subsequently processed through jaw 
crushing, sieving, and washing. Adhered mortar was 
clearly visible on aggregate surfaces. Water absorption 
(5.2% at 24 h) was approximately 4.7 times that of NCA, 
consistent with the elevated porosity of the adhered 
mortar phase. Specific gravity (2.54) was 
correspondingly lower than NCA (2.76), reflecting the 
lower density of residual hydrated mortar. All RCA was 
pre-saturated to saturated surface dry (SSD) condition 
before batching to prevent premature absorption of mix 
water. 

 

 
 

Figure 3. Recycled coarse aggregate (RCA) sourced 
from demolished concrete   note visible adhered old 

mortar on aggregate surfaces. 
 

Property Test 
Standar

d 

OPC
-43 

Fin
e 

Agg
. 

NC
A 

RC
A 

Specific 
gravity 

IS 
2386/403

1 

3.08 2.61 2.76 2.54 

24-h water 
absorption 

(%) 

IS 2386 
Pt III 

  1.1 1.1 5.2 

Fineness 
modulus 

IS 2386 
Pt I 

  2.72     

Standard 
consistenc

y (%) 

IS 4031 
Pt 4 

33       

Aggregate 
impact 

value (%) 

IS 2386 
Pt IV 

    11.5 17.8 

Flakiness 
index (%) 

IS 2386 
Pt I 

    19.2 22.1 

Elongatio
n index 

(%) 

IS 2386 
Pt I 

    18.0 21.5 

Table 2. Summary of physical properties of constituent 
materials (IS 2386, IS 4031). 

 
3.3 Mix Design   IS 10262:2019 
An M30 reference mix was designed per IS 10262:2019 
using the absolute volume method. Design stipulations 
were: characteristic compressive strength fck = 30 
N/mm², maximum water-to-cement ratio w/c = 0.45, 
target workability (slump 75–100 mm), 20 mm 
maximum aggregate size, and moderate exposure 
classification (IS 456:2000 ). The standard deviation for 
M30 was taken as 5 N/mm² per IS 10262:2019 Table 1, 
yielding a target mean strength: 
f'ₜ = fck + 1.65·S = 30 + 1.65 × 5 = 38.25 N/mm²   …(1) 
Water content (186 L/m³) was selected per IS 
10262:2019 Table 2 for 20 mm aggregate and medium 
workability. Cement content followed directly from the 
w/c ratio: 

C = W/(w/c) = 186/0.45 ≈ 413 kg/m³   …(2) 
The absolute volume of each constituent was computed 
and aggregate volumes determined by remainder. The 
coarse-to-fine aggregate split (62:38 by volume) was 
adopted per IS 10262:2019 for Zone II sand and 20 mm 
aggregate. Final mix proportions for 1 m³ are 
summarised in Table 3. 

V_ca = 0.66 × 0.62 = 0.409 m³  →  W_ca = 0.409 × 
2.76 × 1000 = 1128 kg/m³   …(3) 

V_fa = 0.66 × 0.38 = 0.251 m³  →  W_fa = 0.251 × 
2.61 × 1000 = 655 kg/m³    …(4) 

Mater
ial 

Quan
tity 

(kg/m
³) 

Volu
me 

(m³) 

Spec
ific 
Gra
vity 

Role in Mix w/
c 

OPC 
43-

grade 

413 0.13
4 

3.08 Binder   

Fine 
aggre
gate 

(river 
sand) 

655 0.25
1 

2.61 Filler/workabi
lity 

  

NCA 
(granit
e, 20 
mm) 

1128 0.40
9 

2.76 Skeletal load-
bearing 
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Water 186 L 0.18
6 

1.00 Hydration/wo
rkability 

0.
45 

Entrap
ped 
air 

  0.02
0 

      

Total   1.00
0 

      

Table 3. Reference mix proportions for M30 concrete 
(IS 10262:2019). w/c = 0.45. 

 
3.4 RAC Mix Proportions at Varying RCA 
Replacement Levels 
For RAC mixes, NCA was replaced by RCA on a one-
to-one weight basis. Additional water was incorporated 
to compensate for the superior absorption capacity of 
RCA (water absorption difference = 5.2 − 1.1 = 4.1%). 
The additional water per cubic metre of concrete at each 
replacement level was computed as: 

ΔW = (α · W_ca) × (WA_RCA − WA_NCA)/100   
…(5) 

where α = RCA replacement fraction, W_ca = total 
coarse aggregate content (1128 kg/m³), WA_RCA = 
5.2%, WA_NCA = 1.1%. At 100% RCA: ΔW = 1.00 × 
1128 × (5.2−1.1)/100 = 46.2 L/m³. 

Mix 
ID 

RC
A 

(%) 

Cemen
t (kg) 

NC
A 

(kg) 

RC
A 

(kg) 

FA 
(kg

) 

Wate
r (L) 

NAC 0 413 1128 0 655 186.0 

RAC
-25 

25 413 846 282 655 197.6 

RAC
-50 

50 413 564 564 655 209.2 

RAC
-100 

100 413 0 1128 655 232.2 

Table 4. Mix proportions (per 1 m³) for NAC and RAC 
mixes. Additional water accounts for RCA absorption 

per Eq. (5). 
 
3.5 Specimen Preparation, Casting, and Curing 
All concrete was mixed in a drum mixer for a minimum 
of 5 minutes following dry blending of solid constituents. 
RCA was pre-conditioned to SSD state by immersion for 
30 minutes followed by surface-drying with absorbent 
cloth. Cube specimens (150 × 150 × 150 mm) for 
compressive strength and cylinder specimens (150 mm 
diameter × 300 mm height) for creep and shrinkage were 
cast in oiled steel moulds in three equal layers, each 
compacted with 25 tamping rod strokes, supplemented 
by external vibration for 10 s per lift. Moulds were 
demoulded after 24 h and specimens subsequently 

immersed in potable water maintained at 23 ± 2°C for the 
prescribed curing duration. 

 
 

Figure 4a. Casting and compaction of RAC specimens 
using steel cube (150 mm) and cylinder (150×300 mm) 

moulds. 
3.6 Test Methods 
3.6.1 Compressive Strength (IS 516:1959) 
Cube specimens were loaded monotonically to failure in 
a 2000 kN capacity compression testing machine (CTM) 
at a loading rate of 0.3 N/mm²/s per IS 516:1959. Three 
cubes per mix per age (3, 7, 14, 28 days) were tested; the 
mean compressive strength is reported. Compressive 
strength was calculated as: 

fcu = P / A = P / (150 × 150)   …(6) 
where P is the failure load (N) and A = 22,500 mm². For 
the 28-day NAC control: P = 875 kN → fcu = 875,000 / 
22,500 = 38.8 N/mm². 

 
Figure 4b. Cube specimens under compressive loading 
in CTM for strength characterisation at 3, 7, 14, and 28 

days. 
 
3.6.2 Creep Test 
Creep testing was conducted on 150 × 300 mm cylinder 
specimens (three per mix) in spring-loaded creep rigs 
maintaining a constant sustained stress equal to 40% of 
the 28-day characteristic compressive strength of each 
respective mix, consistent with standard practice. The 
sustained stress levels were: NAC = 15.5 MPa; RAC-25 
= 14.6 MPa; RAC-50 = 13.7 MPa; RAC-100 = 12.2 
MPa. Axial deformation was measured using 
demountable mechanical (DEMEC) extensometers with 
a gauge length of 200 mm at intervals of 1, 3, 7, 14, 28, 
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56, 90, 120, 150, and 180 days. Companion unloaded 
specimens were maintained under identical temperature 
and humidity conditions (23 ± 2°C, RH 65 ± 5%) to 
separate shrinkage from total strain. Creep strain was 
computed as: 

εcr(t) = εtot(t) − εe − εsh(t)   …(7) 
where εtot(t) = total measured strain, εe = instantaneous 
elastic strain at loading, εsh(t) = free shrinkage strain 
from companion specimens. The creep coefficient was 
defined as φ(t) = εcr(t) / εe. 

 
Figure 4c. Creep test setup: spring-loaded creep rig with 

DEMEC extensometer gauge points on 150×300 mm 
cylinders under sustained compressive load. 

 
3.6.3 Drying Shrinkage (IS 4031 Part 10, ASTM 
C157 method) 
Free drying shrinkage was measured on the companion 
unloaded cylinders (150 × 300 mm) using DEMEC 
points at 200 mm gauge length. Specimens were surface-
dried and exposed to ambient laboratory conditions (23 
± 2°C, RH 65 ± 5%) after 28 days of water curing. 
Length changes were recorded at the same time intervals 
as creep. Shrinkage strain was computed as: 

εsh(t) = ΔL(t) / L₀   …(8) 
where ΔL(t) = change in gauge length (mm) at time t 
relative to the initial reading at commencement of 
drying, and L₀ = 200 mm gauge length. 

 
Figure 4d. Shrinkage measurement using DEMEC 

extensometer on unloaded companion specimens stored 
under controlled ambient drying conditions. 

4. EXPERIMENTAL RESULTS AND 
DISCUSSION 
4.1 Material Properties Summary 

The cement standard consistency of 33% established the 
water-to-cement ratio baseline for mix design; specific 
gravity 3.08 compared to the published literature range 
3.10–3.15, reflecting the specific clinker chemistry of the 
source plant. RCA water absorption (5.2%) was 4.7 
times that of NCA (1.1%), confirming the dominant role 
of adhered mortar in determining water demand. The 
RCA aggregate impact value (17.8%) was 55% higher 
than NCA (11.5%), indicating lower resistance to 
dynamic loading   consistent with reduced RAC 
compressive strength at 100% replacement. 
4.2 Compressive Strength Development 
Compressive strength results (Table 5, Figure 5) indicate 
a monotonic reduction with increasing RCA content at 
all curing ages. At 28 days, RAC-25, RAC-50, and RAC-
100 exhibited strengths of 36.5, 34.2, and 30.4 N/mm², 
representing reductions of 6.0%, 11.9%, and 21.6% 
relative to NAC (38.8 N/mm²). All RAC mixes exceeded 
the M30 characteristic design strength (30 N/mm²) 
through 28-day curing, with RAC-100 precisely at the 
characteristic limit, indicating that full replacement   
while technically achievable   provides no strength safety 
margin for serviceability design. Strength gain ratios at 7 
days (f7/f28) were 0.763 for NAC and 0.704 for RAC-
100, suggesting that the elevated porosity in RAC 
slightly retards early-age strength development. 

Mix 
ID 

3 Days 
(N/mm²) 

7 Days 
(N/mm²) 

14 Days 
(N/mm²) 

28 Days 
(N/mm²) 

NAC 22.4 29.6 34.2 38.8 

RAC-
25 

20.8 27.5 31.9 36.5 

RAC-
50 

18.9 25.2 29.7 34.2 

RAC-
100 

16.1 21.4 25.6 30.4 

Table 5. Compressive strength development of NAC 
and RAC mixes at 3, 7, 14, and 28 days (mean of three 

150³ mm cubes; IS 516:1959). 
 

 



Creep and Shrinkage Behaviour of Recycled Aggregate Concrete: Experimental Investigation, Predictive 
Modelling, and Artificial Neural Network-Based Long-Term Deformation Analysis 

 

IJDDT, Volume 16 Issue 43s, 2026 Page 958 
 

Figure 5. Compressive strength development of NAC 
and RAC mixes. Error bars represent one standard 

deviation (n = 3). All mixes meet M30 design 
requirement at 28 days. 

 
4.3 Creep Behaviour 
Figure 6 and Table 6 present the time-evolution of creep 
strain over 180 days. The creep development pattern in 
all mixes followed classical logarithmic-rate behaviour: 
rapid accumulation in the first 28 days (approximately 
60% of the 180-day total strain), progressively 
decelerating toward an apparent asymptotic value. The 
180-day creep strains for NAC, RAC-25, RAC-50, and 
RAC-100 were 850, 980, 1120, and 1320 µε, 
corresponding to percentage increases relative to NAC of 
15.3%, 31.8%, and 55.3%, respectively. 
The creep coefficient φ(180) values (computed from Eq. 
7 with respective elastic strains) were 2.14 (NAC), 2.47 
(RAC-25), 2.83 (RAC-50), and 3.32 (RAC-100). The 
increase in φ with RCA content is mechanistically 
consistent with: (i) the higher creep compliance of the 
additional mortar phase contributed by RCA surfaces; 
(ii) the greater porosity of RCA facilitating increased 
moisture redistribution under sustained stress (Pickett 
effect); and (iii) the degraded ITZ quality at the triple-
phase interface (new paste / old mortar / original 
aggregate), which amplifies local stress concentrations 
and viscous flow in the paste matrix. 
Comparing with published values: Domingo-Cabo et al. 
[8] reported 51% creep increase at 100% RCA at 180 
days   our finding of 55.3% at the same duration aligns 
within ±5% of this benchmark despite using different 
cement, aggregate source, and ambient conditions, 
supporting the transferability of the experimental 
observation. 

Mix Da
y 7 

Da
y 
14 

Da
y 
28 

Da
y 
56 

Da
y 
90 

Da
y 

120 

Da
y 

150 

Da
y 

180 

NA
C 

18
0 

34
0 

52
0 

670 760 810 835 850 

RA
C-
25 

21
0 

39
0 

60
0 

770 880 935 960 980 

RA
C-
50 

24
0 

45
0 

68
0 

880 101
0 

107
5 

110
0 

112
0 

RA
C-
100 

29
0 

54
0 

83
0 

107
0 

122
0 

129
0 

131
0 

132
0 

Table 6. Creep strain (µε) development over 180 days 
for NAC and RAC mixes under sustained compressive 

loading at 40% f'c. Values are means of three 
specimens. 

 

 
Figure 6. Time-dependent creep strain accumulation for 

NAC and RAC mixes over 180 days under sustained 
loading. Sustained stress = 40% of 28-day f'c per mix. 

 
4.4 Drying Shrinkage Behaviour 
Drying shrinkage strains at 180 days were 480, 560, 690, 
and 840 µε for NAC, RAC-25, RAC-50, and RAC-100, 
representing increases of 16.7%, 43.8%, and 75.0% 
relative to NAC (Table 7, Figure 7). The magnitude of 
shrinkage increase exceeded the corresponding creep 
increase at equivalent RCA contents, consistent with the 
dominant role of enhanced moisture diffusivity through 
the porous RCA matrix in driving drying shrinkage. The 
rate of shrinkage accumulation was highest between days 
0 and 28, moderating substantially thereafter, as the 
surface moisture gradient equilibrated toward the 
specimen interior. 
The enhanced shrinkage of RAC is explained by two co-
operative mechanisms: (i) the additional mortar phase 
from RCA, which has a higher paste-to-aggregate ratio 
and thus higher intrinsic shrinkage potential; and (ii) the 
larger volume of capillary pores in RCA, which 
promotes more extensive capillary tension development 
during desiccation. At 100% RCA, the equivalent mortar 
volume (EMV per Fathifazl et al. [13] methodology) is 
estimated at ~0.66 m³/m³ versus ~0.34 m³/m³ for NAC, 
nearly doubling the deformable paste phase   a result 
physically consistent with the observed 75% shrinkage 
amplification. 

Mix Da
y 7 

Da
y 
14 

Da
y 
28 

Da
y 
56 

Da
y 
90 

Da
y 
12
0 

Da
y 
15
0 

Da
y 
18
0 

NA
C 

95 18
0 

29
0 

38
0 

43
5 

46
0 

47
2 

48
0 

RA
C-
25 

11
2 

21
5 

33
5 

44
0 

51
0 

53
5 

55
0 

56
0 
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RA
C-
50 

13
8 

26
0 

41
5 

54
5 

63
5 

66
5 

68
0 

69
0 

RA
C-
100 

16
8 

32
0 

51
0 

66
5 

78
0 

81
5 

83
2 

84
0 

Table 7. Drying shrinkage strain (µε) over 180 days for 
NAC and RAC mixes stored at 23°C / 65% RH after 28 

days water curing. Values are means of three 
specimens. 

 

 
Figure 7. Drying shrinkage strain evolution over 180 
days. Rate of accumulation is highest in the initial 28 

days; subsequent deceleration reflects reduced moisture 
gradient. 

 

 
Figure 8. Comparative summary of 180-day creep 

strain, 180-day drying shrinkage, and 28-day 
compressive strength across all mix variants. Dual y-

axes used for strain (left) and strength (right). 
 
5. PROPOSED MODIFIED CREEP 
COEFFICIENT MODEL 
The ACI 209R-92 model expresses the time-dependent 
creep coefficient as: 

φ(t,t₀) = [t^0.6 / (10 + t^0.6)] · φ_u   …(9) 
where t = duration of loading (days), t₀ = age at loading, 
and φ_u = ultimate creep coefficient (standardly taken as 
2.35 for conventional concrete). For RAC, this model 
systematically under-predicts deformation because φ_u 
does not account for the additional mortar compliance of 

RCA. The experimental data collected in this study were 
used to derive a modified expression for φ_u as a 
function of RCA replacement percentage α (%): 

φ_u,RAC = φ_u,NAC · (1 + k_α · α^n)   …(10) 
where φ_u,NAC = 2.14 (calibrated from experimental 
NAC data), k_α and n are empirical constants. Non-
linear regression on the four experimental (α, φ_u) pairs 
yielded: 

k_α = 1.24 × 10⁻³,   n = 1.07   (R² = 0.997)   …(11) 
The complete proposed modified model is therefore: 

φ_u,RAC = 2.14 · [1 + 0.00124 · α^1.07]   …(12) 
Figure 9 validates this expression against the 
experimental data; the model tracks measured values 
within ±4% across the full replacement range (0–100%). 
The modified model is proposed for incorporation as a 
modification factor table in IS 1343:2012 (prestressed 
concrete), supplementing the existing ACI 209 
provisions. 

 
Figure 9. Validation of the proposed modified creep 
coefficient model (Eq. 12) against experimental data 
and the unmodified ACI 209 baseline. Shaded band = 

±4% prediction interval. 
 
6. MACHINE LEARNING MODEL 
DEVELOPMENT 
6.1 Data Preparation and Feature Engineering 
A dataset of N = 160 data points was compiled by 
augmenting the experimental results of this study with 
published RAC experimental data from 12 peer-
reviewed sources [8,9,13,14,15,16,17,18,19,20,21,22], 
encompassing compressive strength, creep, and 
shrinkage measurements across a wide range of RCA 
replacement levels (0–100%), water-to-cement ratios 
(0.35–0.65), cement contents (300–550 kg/m³), 
aggregate water absorptions (1.0–9.5%), and loading 
ages (7–90 days). Eight input features were selected 
based on engineering significance and data availability 
(Table 8). 

N
o. 

Input 
Feature 
(Symbo

l) 

Physical 
Significa

nce 

Ran
ge 

Uni
t 

Normalis
ation 
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1 RCA 
replace
ment 

ratio (α) 

Volume 
fraction 

of 
recycled 
aggregate 

0–
100 

% Min-max 

2 Water-
to-

cement 
ratio 
(w/c) 

Controls 
paste 

volume 
and 

porosity 

0.35
–

0.65 

  Min-max 

3 Cement 
content 

(C) 

Governs 
paste 

fraction 
and 

hydration 
heat 

300
–

550 

kg/
m³ 

Min-max 

4 RCA 
water 

absorpti
on 

(WA) 

Proxy for 
adhered 
mortar 
content 

and 
porosity 

1.0–
9.5 

% Min-max 

5 Age at 
loading 

(t₀) 

Controls 
maturity 
at onset 

of 
sustained 

stress 

7–
90 

day
s 

Min-max 

6 Curing 
age 

(t_cure) 

Reflects 
degree of 
hydration 

at test 
start 

7–
28 

day
s 

Min-max 

7 Elastic 
modulus 

(E) 

Controls 
instantan
eous and 
viscoelas

tic 
deformati

on 

22–
38 

GP
a 

Min-max 

8 Aggrega
te 

specific 
gravity 
(SG) 

Reflects 
aggregate 
density 

and 
porosity 

2.4–
2.8 

  Min-max 

Table 8. Input features for ML models: physical 
definition, engineering significance, data range, and 

normalisation strategy. 
 

Output 
Target 

Symbo
l 

Unit Data 
Rang

e 

Physical 
Significanc

e 

28-day 
compressiv
e strength 

f'c N/mm
² 

18.4–
52.6 

Structural 
load 

capacity 

180-day 
creep 
strain 

εcr µε 540–
1820 

Long-term 
deformatio

n under 
load 

180-day 
shrinkage 

strain 

εsh µε 310–
1040 

Dimension
al 

instability 
and 

cracking 
risk 

Table 9. Output targets for the multi-output ML 
prediction models. 

 
6.2 Model Architecture and Training 
Four ML model families were evaluated: (1) Artificial 
Neural Network (ANN); (2) Random Forest (RF); (3) 
Extreme Gradient Boosting (XGBoost); and (4) Support 
Vector Regression (SVR). All models were implemented 
in Python 3.10 using Scikit-learn 1.3 and TensorFlow 
2.12. Hyperparameter optimisation was conducted via 
randomised grid search with 5-fold cross-validation on 
the training set. 
6.2.1 ANN Architecture 
The ANN was designed as a multi-layer perceptron 
(MLP) with the following optimal architecture 
determined through systematic hyperparameter search: 

Architecture: 8 → 12 → 8 → 3   (input → hidden₁ → 
hidden₂ → output)   …(13) 

Rectified Linear Unit (ReLU) activation functions were 
used in hidden layers to introduce non-linearity while 
mitigating the vanishing gradient problem. A linear 
activation function was applied at the output layer (multi-
output regression). The network was trained using the 
Adam optimiser (learning rate η = 0.001, β₁ = 0.9, β₂ = 
0.999) with mean squared error (MSE) as the loss 
function. Dropout regularisation (rate p = 0.15) was 
applied to hidden layers to prevent overfitting. The 
training objective minimised: 

L = (1/N) Σᵢ Σⱼ [yᵢⱼ − ŷᵢⱼ]²   …(14) 
where yᵢⱼ and ŷᵢⱼ are the experimental and predicted 
values for data point i and output j. The dataset was 
partitioned as 70% training / 15% validation / 15% test 
with stratification by RCA replacement level. Early 
stopping (patience = 50 epochs) monitored validation 
loss to terminate training before overfitting. 
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Figure 10. ANN architecture: 8-12-8-3 feed-forward 

network with ReLU hidden-layer activations and linear 
output layer. Input features and output targets as per 

Tables 8 and 9. 
 
6.3 Model Performance Evaluation 
Performance was assessed using four metrics   
coefficient of determination (R²), root mean square error 
(RMSE), mean absolute error (MAE), and mean absolute 
percentage error (MAPE)   computed on the held-out test 
set: 

 
Mo
del 

R² 
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R² 
εc
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R² 
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R
M
SE 
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R
M
SE 
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R
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M
A
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M
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εcr
(%
) 

R
an
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0.
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7 

0.
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5 

1.3
2 

14.
2 

11.
8 

1.
01 

3.9 1 

XG
Boo
st 

0.
96
7 

0.
97
2 

0.
96
5 

1.7
8 

18.
4 

15.
7 

1.
24 

4.6 2 

Ran
do
m 

For
est 

0.
95
4 

0.
96
3 

0.
95
1 

2.1
4 

22.
8 

19.
3 

1.
58 

5.8 3 

SV
R 

0.
92
1 

0.
91
9 

0.
90
2 

3.2
1 

38.
6 

32.
4 

2.
63 

9.4 4 

Table 10. Performance metrics for all ML models on 
the held-out test set (15% of N = 160). RMSE and MAE 

for f'c in N/mm²; for creep and shrinkage in µε. 
 

 
Figure 11. ANN predicted vs. experimental values for 

compressive strength (f'c), creep strain (εcr), and drying 
shrinkage (εsh) on the test set. Dashed line = perfect 

prediction (1:1 line). 
 

 
Figure 12. Comparative R² (left) and RMSE (right) 

performance of ANN, XGBoost, Random Forest, and 
SVR models for creep and shrinkage prediction on the 

test set. 
 
6.4 Sensitivity Analysis   SHAP Feature Importance 
SHAP (SHapley Additive exPlanations) values were 
computed for the trained ANN using the DeepExplainer 
framework to attribute model predictions to individual 
input features. SHAP values provide a game-theoretic 
decomposition of the model output into additive 
contributions of each feature, enabling both global (mean 
|SHAP|) and local (per-sample) interpretability. 
Global feature importance, expressed as mean |SHAP 
value| across the test set (Figure 13), ranked RCA 
replacement percentage (α) as the most influential 
predictor (mean |SHAP| = 0.38), followed by water-to-
cement ratio (0.22), cement content (0.18), and RCA 
water absorption (0.14). This ranking is physically 
consistent: RCA content is the primary driver of creep 
and shrinkage amplification; w/c governs paste porosity 
and hence both strength and deformation; cement content 
determines paste volume; and water absorption directly 
proxies adhered mortar content. 
The subordinate influence of age at loading (0.09) and 
curing age (0.07) is consistent with the relatively narrow 
range of these parameters in the training dataset. Elastic 
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modulus and aggregate specific gravity showed the 
lowest importance (0.05 and 0.03 respectively), 
suggesting that these features are partially collinear with 
RCA content and thus their unique contribution to model 
variance is limited. 

 
Figure 13. Global SHAP feature importance for the 

ANN model   mean absolute SHAP value across all test 
samples. Features ranked by ascending importance 

(longest bar = highest importance). 
 
6.5 Cross-Validation and Generalisation Assessment 
Ten-fold cross-validation on the full dataset confirmed 
the stability of ANN performance: mean R² for creep and 
shrinkage prediction across folds were 0.976 ± 0.008 and 
0.971 ± 0.010, respectively (mean ± standard deviation 
across folds). The low inter-fold variance demonstrates 
that the ANN generalises robustly to unseen data 
configurations. The small standard deviation (< 1%) 
implies that the model is neither significantly overfitted 
nor underfitted for the feature space represented by the 
training data. 

Metric f'c 
(N/m
m²) 

Cree
p εcr 
(µε) 

Shrinka
ge εsh 
(µε) 

Comment 

R²   ANN 0.981 0.97
7 

0.975 Excellent 
predictive 
accuracy 

RMSE   
ANN 

1.32 14.2 11.8 Low 
residual 

error 

R²   10-
fold CV 

0.979 
± 

0.009 

0.97
6 ± 
0.00

8 

0.971 ± 
0.010 

Stable 
generalisat

ion 

Improvem
ent vs 
SVR 

+6.5% 
R² 

+6.3
% R² 

+8.1% 
R² 

ANN 
superiority 
confirmed 

Table 11. ANN model performance summary on hold-
out test set and 10-fold cross-validation. Values for 

cross-validation reported as mean ± standard deviation. 

 
7. INTEGRATED DISCUSSION 
The experimental data and ANN modelling results, 
considered together, permit three categories of integrated 
insight: mechanistic, predictive, and design-normative. 
7.1 Mechanistic Interpretation 
The progressive amplification of both creep and 
shrinkage with RCA content is fundamentally a 
consequence of increased equivalent mortar volume. At 
100% RCA replacement, the mortar phase (new paste + 
old adhered mortar) constitutes approximately 66% of 
the concrete volume versus ~34% for NAC   effectively 
doubling the volume of the viscoelastic, hygroscopic 
constituent. This amplification is compounded by the 
double ITZ effect: in RAC, load transfer occurs across 
both the new paste–old mortar interface and the old 
mortar–original aggregate interface, each representing a 
zone of elevated porosity and reduced stiffness relative 
to the paste bulk. 
7.2 Practical Design Implications 
The 25% RCA replacement level (RAC-25) produced 
creep and shrinkage increases of only 15.3% and 16.7% 
respectively, while maintaining compressive strength 
within 6% of NAC. This limited penalty suggests that 
RAC-25 can be incorporated into M30-grade structural 
applications without significant modification of 
serviceability limit state calculations. The 50% 
replacement level requires adjustment: the 31.8% creep 
increase implies that long-term deflection calculations 
per IS 456 Clause 23.2 should apply a creep modification 
factor of (1 + φ_RAC-50)/(1 + φ_NAC) = (1 + 2.83)/(1 
+ 2.14) = 1.24. Complete replacement (100% RCA) is 
not recommended for structural applications without 
supplementary cementitious material intervention (fly 
ash, silica fume) to densify the ITZ. 
7.3 Codal Recommendations 
The current IS 456:2000 and IS 1343:2012 do not 
contain provisions for RAC. The proposed creep 
coefficient model (Eq. 12) offers a direct, IS-compatible 
formulation that could be incorporated as a 
supplementary table specifying φ_u modification factors 
as a function of RCA replacement percentage. 
Analogous provisions for drying shrinkage (proposing a 
shrinkage amplification factor β_sh = 1 + 0.0075·α for α 
in percent) are supported by the linear regression of the 
experimental shrinkage data (R² = 0.993). These 
proposals are positioned as first-generation RAC design 
provisions for the Indian sub-continent, analogous to the 
RAC annexures recently incorporated in EN 206-1 
(European standard). 
8. CONCLUSIONS 
The following conclusions are drawn from the 
experimental investigation and ML modelling: 
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• Complete replacement of natural coarse aggregate 
with RCA produced a 21.7% reduction in 28-day 
compressive strength (38.8 → 30.4 N/mm²) 
relative to NAC. Mixes at 0–50% RCA 
replacement met the M30 characteristic strength 
requirement with meaningful safety margin. 

• Creep strain increased monotonically with RCA 
content: 15.3%, 31.8%, and 55.3% above NAC at 
25%, 50%, and 100% replacement after 180 days 
of sustained loading. The corresponding creep 
coefficients (φ) were 2.14, 2.47, 2.83, and 3.32, 
respectively. 

• Drying shrinkage increased by 16.7%, 43.8%, and 
75.0% at 25%, 50%, and 100% RCA replacement 
relative to NAC (480 µε). The disproportionately 
large shrinkage increase at full replacement 
reflects doubled equivalent mortar volume and 
elevated capillary porosity. 

• A modified ACI 209 creep coefficient model 
incorporating RCA content (Eq. 12: φ_u,RAC = 
2.14·[1 + 0.00124·α^1.07]) was calibrated and 
validated with R² = 0.997, providing a tractable 
engineering tool for design integration into IS 
1343. 

• The ANN model (8-12-8-3 architecture, ReLU 
activation, Adam optimiser) achieved R² of 0.981, 
0.977, and 0.975 for compressive strength, creep, 
and shrinkage prediction, outperforming 
XGBoost, Random Forest, and SVR baselines 
across all metrics. 

• SHAP analysis identified RCA replacement 
percentage, water-to-cement ratio, and water 
absorption as the three dominant predictors   a 
finding physically consistent with the mechanistic 
role of mortar volume and porosity in governing 
RAC time-dependent deformation. 

• A replacement level of 25–50% RCA is 
recommended as a structurally viable and 
environmentally responsible design choice for 
M30 applications, offering carbon footprint 
reduction of approximately 12–25% while 
maintaining acceptable mechanical and 
deformation performance. 

• There is a formal recommendation to incorporate 
RCA-specific creep and shrinkage modification 
factors into IS 456:2000 and IS 1343:2012 to 
enable rational design of RAC structural elements 
under Indian material and climatic conditions. 
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