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Ekin kökEn 1*

Assessment of Los AngeLes AbrAsion VALue (LAAV) And mAgnesium suLphAte  
soundness (mwl ) of rock AggregAtes using gene expression progrAmming  

And ArtificiAL neurAL networks

it has been acknowledged that two important rock aggregate properties are the Los Angeles abrasion 
value (LAAV) and magnesium sulphate soundness (Mwl). However, the determination of these properties 
is relatively challenging due to special sampling requirements and tedious testing procedures. in this stu-
dy, detailed laboratory studies were carried out to predict the LAAV and Mwl for 25 different rock types 
located in nW Turkey. For this purpose, mineralogical, physical, mechanical, and aggregate properties 
were determined for each rock type. Strong predictive models were established based on gene expression 
programming (GEP) and artificial neural network (Ann) methodologies. The performance of the proposed 
models was evaluated using several statistical indicators, and the statistical analysis results demonstra-
ted that the Ann-based proposed models with the correlation of determination (R2) value greater than 
0.98 outperformed the other predictive models established in this study. Hence, the Ann-based predictive 
models can reliably be used to predict the LAAV and Mwl for the investigated rock types. in addition, the 
suitability of the investigated rock types for use in bituminous paving mixtures was also evaluated based 
on the ASTM D692/D692M standard. Accordingly, most of the investigated rock types can be used in 
bituminous paving mixtures. in conclusion, it can be claimed that the proposed predictive models with 
their explicit mathematical formulations are believed to save time and provide practical knowledge for 
evaluating the suitability of the rock aggregates in pavement engineering design studies in nW Turkey.

keywords: Rock aggregate; Aggregate properties; Los Angeles abrasion loss; Magnesium sulphate 
soundness; Gene expression programming; Artificial neural network

1. introduction

Due to the advances in the construction and building industry, the demand and supply for 
rock aggregates have increased considerably. in the USA, for instance, an estimated 364 million 
metric tons of crushed stone was produced and shipped for consumption in the fourth quarter 
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of 2020 [1]. Determining aggregate properties in a fast and reliable way becomes more of an 
issue in addressing such aggregate types that are to be used in various engineering fields. Due 
to the intensive use of rock aggregates in concrete (70-85% by volume) and paving mixtures 
(93-98% by volume), the quality of rock aggregates is of considerable importance in determin-
ing their suitability for any specific engineering applications [2]. Hence, rock aggregate quality 
should be investigated elaborately from the point of their degradation since rock aggregates used 
in construction and highway projects must effectively transmit the surcharge loads [3].

Additionally, rock aggregates are occasionally placed on natural soil to serve as a surface 
course. Therefore, they must be resistant to breakdown under definite loading conditions. To en-
sure construction aggregates fit this purpose and meet the requirements of end-uses, it is essential 
to understand the geology of the resources, production processes, standards, and test methods 
used to evaluate their suitability [4]. it has been seen that the characteristics of rock aggregates 
(e.g., size, shape, gradation, density, water absorption, abrasion, and freezing-thawing resistance) 
influence the durability and behaviour of concrete and paving mixtures.

Among the above rock aggregate properties, the resistance of aggregates against abrasion 
and fragmentation is mainly measured through several testing methods such as Los Angeles 
abrasion (LAAV), nordic ball mill (nbM), and Micro-Deval (MDE) tests [5-10]. Specific 
to the mechanical aggregate properties, the Los Angeles abrasion value (LAAV) is one of the 
most accepted and widely used parameters for quantifying the abrasion resistance of rocks [11]. 
kahraman and Toraman [12] and Ajalloeian and kamani [13] declared that implementing the 
LAA test is relatively simple; however, it is time-consuming and requires many intentionally 
graded samples. Therefore, several relationships have been proposed to predict the LAAV using 
different rock properties.

For instance, the point load strength (PLS), Schmidt hammer value (SHV), uniaxial com-
pressive strength (UcS), aggregate crushing value (AcV), aggregate impact value (AiV), and 
impact strength index (iSi) has been utilised to predict the LAAV of several rock types [14-22]. 
in addition, machine learning methods such as artificial neural networks and k-nearest neighbours 
have also been applied to evaluate the LAAV [19,23].

Mechanical rock aggregate properties vary on several factors. As earlier studies have pointed 
out, the grain size and the grain size distribution are critical geological parameters for explaining 
the mechanical properties of aggregates derived from rock materials [24]. Röthlisberger et al. 
[25] showed that the LAAV increases with the percentage of non-cuboidal grains in the feeding 
material. okonta [26] established statistical relationships to predict the LAAV based on the average 
aggregate size with different shape properties. Rӓisӓnen [27], Liu et. al. [28], and Stålheim [29] 
also investigated rock textural effects on the LAAV. Their results indicated that the increase in 
average grain size (d50) decreases the abrasion resistance of several granitic rocks. The abrasion 
resistance of metamorphic rocks increases in parallel with their quartz content [30]. Ajalloeian 
and kamani [13] found a remarkable relationship between the textural coefficient (Tc) and the 
LAAV for carbonate rocks. Hofer and bach [31] also introduced a statistical model to estimate 
the mechanical properties of some railway ballast materials. They concluded that the mechanical 
properties such as the LAAV depend significantly on the petrographic and geometric properties of 
the feeding material. in a recent study by Tunc and Alyamac [10], surface response methodology 
(RSM) was employed to estimate the concrete strength based on various water/cement ratios and 
aggregate types having different LAAV values.

Another important aggregate property is the soundness of aggregates, which practically 
gives information on freezing-thawing and salt crystallisation effects acting on rock materials. 
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based on AASHTo T104 [32], soundness refers to aggregate durability under meteorological 
conditions and indicates the resistance to physical and chemical weathering of fine and coarse 
aggregates. From this perspective, the effects of freezing-thawing on rocks have been handled 
by direct and indirect testing methods. Within the direct testing method, freezing-thawing cabi-
nets have been utilised for rock and soil samples as specified by TS En 1367–1 [33] and ASTM 
D6035/6035M [34], respectively. 

The magnesium sulphate soundness (Mwl), an accelerated weathering test, is another al-
ternative to simulating the freezing-thawing effects based on the dislocation of rock-forming 
minerals and volume expansion of grains [32,35,36]. compared to the direct testing method, 
soundness tests such as sodium sulphate or magnesium sulphate are considerably preferable in 
most engineering applications due to their practicability.

Relating to the various environmental features, salt and ice crystallisation results in physical 
and chemical degradation in the rock itself [37-39]. When excluding the chemical properties of 
the solution engaging in the rock, salt and ice crystallisation are associated with thermodynamic 
properties of rock-forming minerals, pore geometry, size and micro-fissure-related moisture 
susceptibility of release surfaces [40, 41].

The presence of water or other salty solutions makes the overall rock structure slowly dis-
integrate and decreases the rock strength properties in the progress time [42]. consequently, the 
water-rock interaction directly depends upon porosity and degree of microfracture in/on the rock 
material. The more the porosity and microfracture, the more susceptible is the rock. For instance, 
porous limestones can suffer from rapid degradation due to freezing-thawing cycles [43]. in this 
regard, soundness tests are convenient in assessing rock durability in harsh environmental condi-
tions with a view to porosity and microfracture effects under the domination of salty solutions. 
However, soundness tests have a long-lasting testing procedure (i.e., in practical applications, 
one cycle of magnesium sulphate soundness approximately takes two days, and for a complete 
examination, at least five cycles are mainly required, according to TS En 1367–2 [35]. Herein, 
it is logical to suppose that practical approaches or empirical formulae focusing on the LAAV 
and Mwl would evaluate the rock aggregate quality from several aspects. Herein, Rogers et al. 
[44] emphasised the importance of Mwl for the evaluation of fine aggregates. consequently, they 
found considerable relationships between Micro-Deval abrasion loss (MDE, %) and Mwl. Similar 
correlations were also obtained by Jayawickrama et al. [43], Phillips [45], and Fowler et al. [46].

Thanks to such empirical models or relationships, practical theories have been postulated, 
making engineering geological judgments much easier. based on road and pavement design 
studies, rock aggregate quality must be quickly evaluated through practical approaches. The 
empirical models to predict several aggregate properties also provide practical knowledge on 
quarry quality control processes.

Therefore, fast and reliable techniques are required to estimate the fundamental aggregate 
properties. in this study, several aggregate properties of 25 different rock types located nW 
Turkey were documented. Statistical and soft computing methods were employed to estimate 
the LAAV and Mwl of the investigated rocks. For this purpose, mineralogical, physical and 
mechanical aggregate properties were determined for each rock type in the laboratory studies. 
Several predictive models were established based on gene expression programming (GEP) and 
artificial neural network (Ann) methodologies. The established predictive models were then 
compared to one another based on several statistical indicators. Furthermore, the suitability of 
the investigated rock types for use in bituminous paving mixtures was also evaluated based on 
an ASTM standard.
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2. materials and methods

Representative rock blocks were obtained from several parts of nW Turkey (Fig. 1). The 
investigated rocks are divided into two different types in terms of their lithology. Sedimentary 
rocks are limestone, and dolomitic limestone, whereas igneous rocks are identified as andesite, 
basaltic andesite, basalt, dacite, granodiorite, diorite, granite, gabbro, and diabase.

Fig. 1. Sampling locations of the rock blocks used in this study

in the laboratory studies, the mineralogical composition of the rocks was revealed using thin-
section analyses. In addition, the dry unit weight (γd), water absorption by weight (wa), and point 
load strength (PLS) were determined following the methods suggested by the international Society 
of Rock Mechanics [47]. Aggregate impact Value (AiV), Los Angeles abrasion value (LAAV), 
Micro-Deval abrasion (MDE), and magnesium sulphate soundness (Mwl) tests were carried out in 
accordance with bS 812–112 [48], TS En 1097–2 [49], TS En 1097–1 [50] and TS En 1367–2 
[35], respectively. The laboratory studies were performed under oven-dried conditions. Each 
laboratory test was repeated three times, and average values were presented in this research paper.

3. Laboratory studies

Laboratory studies were divided into three different stages. The first stage covers the deter-
mination of the mineralogical, physical, and mechanical properties of the rocks. Using a polarised 
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microscope, the rocks were characterised from the mineralogical point of view. For this purpose, 
thin sections were prepared for each rock type, and the quantities of rock-forming minerals were 
determined based on the point-counting method clearly defined by Larrea et al. [51]. For each 
rock type, at least three thin sections were analysed under a polarised microscope, and average 
quantities of rock-forming minerals were presented in this study. 

Typical thin sections of the investigated rock are illustrated in Fig. 2. According to the thin 
section analysis results, it was determined that the mineralogical composition of the rocks is quite 
different due to the origins of the rock types. The mineralogical composition of the rocks is listed 
in Table 1. When focusing on Table 1, The calcite (cal) content of the limestones (R1-R12) var-
ied from 74% to 95%. The andesitic rocks (R13-R17) had hyalopilitic and porphyritic textures, 

Fig. 2. Typical thin sections of the investigated rocks
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TAbLE 1

Mineralogical composition (areal percentage) for each rock type

constituent 
(%)

rock type
r1 r2 r3 r4 r5 r6 r7 r8 r9 r10 r11 r12 r13

Qtz. – – – – – – – – – – – – –
orth. – – – – – – – – – – – – –
San – – – – – – – – – – – – –
Plg. – – – – – – – – – – – – 61

Pryx. – – – – – – – – – – – – 1
ol. – – – – – – – – – – – – –

Horn. – – – – – – – – – – – – 1
bt. – – – – – – – – – – – – 5

Mus. – – – – – – – – – – – – –
Ep. – – – – – – – – – – – – 1
chl. – – – – – – – – – – – – 1

clay min. – – – – – – – – – – – – 7
Lim. – – – – – – – – – – – – 1
Sid. – – – 1 1 1 1 3 2 – – 1 –
cal. 74 80 95 93 89 95 79 91 92 80 93 94 –
Dol. – 11 1 4 – 1 2 1 – 18 6 5 –

op. min. 1 1 3 1 – 1 2 4 1 1 1 – 6
Fossil rem. 25 8 1 1 10 2 16 1 5 1 – – –
Ground m. – – – – – – – – – – – – 16
constituent 

(%)
rock type

r14 r15 r16 r17 r18 r19 r20 r21 r22 r23 r24 r25
Qtz. – – 1 – – – 1 24 31 11 – –
orth. – – – – – – – 10 12 7 – –
San. – – – – – – 2 – – – – –
Plg. 74 75 71 64 69 84 53 47 33 66 62 58

Pryx. 2 3 4 5 12 5 – 6 7 6 16 14
ol. – – – – 1 – – – – – 3 1

Horn. – 1 3 18 2 1 – 7 5 4 4 10
bt. 3 3 3 2 1 1 1 4 5 2 2 7

Mus. – – – – – – 1 – 1 1 –
Ep. 1 1 1 – 1 1 2 1 – 1 1 2
chl. 1 – 1 – – – – – 1 – – 2

clay min. 1 1 4 – – 1 1 – 1 – – –
Lim. 2 – – – – 1 1 – – – – –
Sid. – – – – – – – – – – – –
cal. – – – – – – – – – – – –
Dol. – – – – – – – – – – – –

op. min. 9 6 4 6 6 2 1 1 4 2 12 2
Fossil rem. – – – – – – – – – – – –
Ground m. 7 10 8 5 8 4 37 – – – – 4

Explanations: Qtz: Quartz, orth: orthoclase San: Sanidine, Plg: Plagioclase, ol: olivine, Horn: Hornblende,  
bt: biotite, Mus: Muscovite, Ep: Epidote, chl: chlorite, clay min: clay minerals, Lim: Limonite, Sid: Siderite, 
cal: calcite (including micritic and sparitic) Dol: Dolomite, Fossil rem: Fossil remnant, Ground m: Ground mass.
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whose plagioclase (plg) content was found to be between 61% and 65%. The basalts (R18, R19) 
had a porphyritic texture, and their pyroxene (prx) content varied from 5% to 12%. The dacitic 
rocks (R20) had an aphanitic texture and contained a considerable amount of groundmass. The 
granodiorite rocks (R21) had a phaneritic texture, whose quartz (qtz) content was about 24%. 
The granitic and dioritic rocks (R22, R23) had a granular texture and contained an orthoclase 
(orth) content ranging from 7% to 12%. Finally, the ultramafic rocks (R24, R25) were identified 
as gabbro and diabase, which has a large amount of plg content (58%-62%).

When it comes to the determination of physical and mechanical rock properties, the water 
absorption by weight (wa), dry unit weight (γd), and point load strength (PLS) tests were involved. 
For this purpose, core samples with length to diameter ratio between 0.5-2.0 were prepared using 
an nX type (53.7 ± 0.5 mm) core drill, and rock saw.

The second and last stages of the laboratory studies deal with mechanical aggregate and 
soundness tests. For these tests, representative rock blocks were crushed using a laboratory-
scale jaw crusher and sieved for specific size fractions (10-14 mm). After the sieving process, 
aggregates were washed using distilled water. Later on, they were placed in a drying oven at 
105°c for 24 hours.

before the LAAV and Mwl tests were performed, the degree of flakiness in the feeding 
material (Fi) was also determined by bS En 933–3 [52] (Table 2). To determine the Fi for the 
specific size fraction of 10-14 mm, 6.3 and 5 mm bar sieves were used together and determined 
by the following equation (Eq. 1):

 
1 2

1
100

2
P PFI

W
 

  
 

 (1)

where P1 and P2 are the mass (g) of particles passing through the 6.3 and 5 mm bar sieves, re-
spectively. W1 is the total mass (g) of the feeding material tested.

TAbLE 2

Apertures of bar sieves for flakiness index tests [52]

particle size (mm) Aperture of the bar sieve (mm)
12.5 16 8
10 12.5 6.3
8 10 5

6.3 8 4
5 6.3 3.15

Some of the laboratory studies are illustrated in Fig. 3. based on the laboratory test results 
(Table 3), the PLS ranged from 3.79 to 12.96 MPa, while the AiV and LAAV were between 
6.94-29.33% and 11.34-41.02%, respectively. considering the PLS values in Table 3, the inves-
tigated rocks were identified from high strength to extremely high strength, according to broch 
and Franklin [53]. besides, when considering ASTM D692/692M [54] requirements, most of 
the investigated rocks were found to be suitable (LAAV ≤ 40% and Mwl ≤ 18%) for use in bitu-
minous paving mixtures.
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Fig. 3. Laboratory studies a) Some of the prepared rock aggregates b) LAA test c) PLS test  
d) AiV test device e) crushed particles obtained from a single AiV test f) MDE test g) Mwl test  

h) Drying process after some Mwl tests

TAbLE 3
Laboratory test results

rock 
type Lithology Location γd  

(kn/m3)
wa pLs fi AiV LAAV mde 

(%)
mwl 
(%)(%) (mpa) (%) (%) (%)

1 2 3 4 5 6 7 8 9 10 11
R1 Limestone Eflani /Karabuk 26.38 0.38 8.21 10.51 18.57 28.65 17.03 8.52
R2 Limestone caycuma /Zonguldak 25.53 0.45 6.75 6.48 22.21 22.96 14.02 7.01
R3 Limestone Eregli /Zonguldak 25.81 0.64 6.08 8.17 17.41 31.11 12.68 3.94
R4 Limestone Amasra /bartin 25.75 0.50 8.46 16.45 17.59 25.30 17.83 9.69
R5 Limestone incivez /Zonguldak 25.42 0.78 8.86 11.63 19.09 29.77 17.05 3.39
R6 Limestone Pınarbaşı /Kastamonu 25.99 1.24 3.95 10.52 21.58 28.45 15.88 8.64
R7 Limestone Mudurnu /bolu 24.42 2.50 5.74 14.14 29.33 41.02 28.38 20.19
R8 Limestone Pınarbaşı /Kastamonu 26.09 0.41 7.32 9.30 18.54 25.27 16.28 2.74
R9 Limestone Daday /kastamonu 25.40 0.97 3.79 18.06 20.96 35.19 21.63 6.69
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1 2 3 4 5 6 7 8 9 10 11

R10 Dolomitic  
limestone Eregli /Zonguldak 25.60 0.85 5.66 16.52 20.47 27.99 17.65 8.27

R11 Dolomitic  
limestone Amasra /bartin 26.55 0.31 8.30 11.48 16.20 24.03 11.93 4.69

R12 Dolomitic  
limestone Akcakoca /Duzce 26.30 0.63 6.80 7.49 11.83 25.15 13.29 3.14

R13 Andesite Filyos /Zonguldak 24.25 3.89 5.87 10.62 25.59 34.64 24.43 18.89
R14 Andesite Mengen /bolu 24.81 1.57 3.84 7.62 15.55 30.90 18.52 12.37
R15 Andesite Gokcebey /Zonguldak 23.14 1.93 7.61 14.22 17.35 27.61 17.94 16.07
R16 Andesite Devrek /Zonguldak 24.32 2.35 8.20 13.91 25.39 30.99 15.40 13.45

R17 basaltic  
andesite Eregli /Zonguldak 26.29 0.74 8.26 8.51 12.51 17.55 11.49 4.07

R18 basalt Pınarbaşı /Kastamonu 26.97 0.86 8.32 6.28 11.25 18.01 15.67 6.52
R19 basalt Abdipasa / bartin 26.87 0.68 11.41 5.14 7.35 13.74 11.21 3.18
R20 Dacite karabuk / yenice 25.31 1.33 10.60 10.44 13.44 24.00 11.89 8.26
R21 Granodiorite karabuk /yenice 26.14 0.75 8.75 13.96 15.77 25.03 14.31 4.94
R22 Granite kure /kastamonu 26.30 0.57 7.75 14.76 24.02 33.67 22.25 10.41
R23 Diorite Gokcebey/ Zonguldak 27.66 0.54 9.52 6.58 16.40 21.87 15.11 4.05
R24 Gabbro yenice /karabuk 28.24 0.17 12.96 14.25 6.94 15.45 10.90 3.58
R25 Diabase Eğerci /Zonguldak 27.28 0.20 12.91 9.77 7.55 11.34 11.73 1.89
γd: Dry unit weight, wa: Water absorption by weight, PLS: Point load strength, Fi: Flakiness index, AiV: Aggregate 
impact value, LAAV: Los Angeles abrasion value, MDE: Micro-deval abrasion value, Mwl: Magnesium sulphate 
soundness 

4. results and discussion

4.1. regression analyses

in this section, regression analyses were first carried out to achieve simple relationships 
for evaluating the LAAV and Mwl. Statistically meaningful single relationships to predict LAAV 
and Mwl are given in Fig 4. Accordingly, the maximum coefficient of determination (R2) was 
found to be 0.76 and 0.73 for the LAAV and Mwl, respectively. Herein, the AiV is responsible 
for LAAV, whereas the wa is associated with the Mwl. The MDE is also associated with the LAAV 
and Mwl to some extent.

For the prediction of LAAV, similar linear models as a function of PLS and AiV were 
proposed by several researchers (Table 4). Apart from the linear relationships, logarithmic and 
exponential ones, as a function of AiV and PLi, were also reported by kahraman and Gunaydin 
[14], ozcelik [16], Ahmad et. al. [23], and Rigopoulos et. al. [55]. From evaluating Mwl, it can 
be possible to claim that the Mwl is associated with the wa and MDE for several rock types (Ta-
ble 5). However, the relationship between these rock aggregate properties is not high enough for 
precise estimations. Therefore, it is required to have more reliable techniques to predict the Mwl 
with higher accuracy. To fulfil this aim, soft computing methods were employed, some of which 

TAbLE 3. continued
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are presented in the following section. However, it should be mentioned that several researchers 
[56-59] adopted and emphasised the LAAV test for evaluating the aggregate quality from several 
geological engineering aspects.

in this manner, it can be claimed that the LAAV reflects the mechanical quality of rock ag- 
gregates, whereas the Mwl can be of prime importance when assessing the resistance of rock  
aggregates against freezing-thawing and salt attacks.

Fig. 4. Relationships to predict the LAAV and Mwl
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TAbLE 4

Empirical linear relationships to predict LAAV as a function of PLi and AiV

equation r2 number of samples in 
the analysis reference

LAAV = 1.22AIV + 2.56 0.82 110 [2]
LAAV = 1.801AIV + 2.852 0.90 20 [17]

LAAV = –2.779PLI + 45.716 0.45 50 [18]
LAAV = 1.49AIV + 9.53 0.79 39 [20]

LAAV = –4.382PLI + 48.096 0.63 40 [21]
LAAV = 1.11AIV + 5.627 0.48

273 [22]
LAAV = –2.697PLI + 42.469 0.30
LAAV = 0.921AIV + 3.196* 0.81 45 [23]

LAAV = –2.8PLI + 56.2 0.51 8 [60]
LAAV = 0.90AIV + 3.12 0.68 62 [61]
LAAV = 0.90AIV + 6.00 0.85 18 [62]

LAAV = –2.161PLI + 42.922 0.56
25 The present study

LAAV = 1.066AIV + 7.516 0.76
* The equation was established by reversing the original one.

TAbLE 5

Empirical relationships to predict Mwl as a function of wa, MDE, and γd

independent 
variable

test 
standard rock type empirical formula r2 reference

Mwl [32] Limestone
Mwl = 0.91MDE – 1.71 0.70

[43]
wa Mwl = 12.18wa – 2.89 0.72

MDE [32] Limestone, 
granite, sandstone Mwl = 1.98MDE – 14.41* 0.66 [45]

MDE [32]
Limestone, 

sandstone, granite, 
basalt

Mwl = 0.02MDE
2 + 018MDE + 0.92 0.56 [46]

wa [36] Limestone Mwl = 5.78wa + 0.86 0.65 [63]
γd

[35] Various rock  
types

Mwl = –3.436γd + 96.685 0.59
The present 

studywa Mwl = 5.001wa + 2.733 0.73
MDE Mwl = 0.895MDE – 6.703 0.60

* The equation was established by reversing the original one.

4.2. gene expression programming (gep) analyses

Gene expression programming (GEP) has been used in numerous science and engineering 
fields to solve many geoengineering problems. The GEP is an evolutionary-based algorithm 
capable of producing an explicit mathematical formula linking to dependent and independent 
variables. The GEP was first developed by Ferreira [64]. in this section, novel applications of 
GEP were introduced to predict the LAAV and Mwl. The GeneXpro software was used to imple-
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ment various GEP models. in the models, the number of chromosomes, head sizes, and gene 
sizes were set to 30, 8, and 3, respectively. The linking function was the addition, and root means 
square error (RMSE) was regarded as the fitness function. As a result of the GEP analyses, the 
sub-expression trees obtained from the GEP analyses are given in Fig. 5. 

Fig. 5. Sub-expression trees for the proposed GEP model
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The GEP analysis results demonstrated that the proposed models have a high prediction 
capability with a minimum R2 of 0.84 for the investigated dependent variables (Fig. 6a, 6b). 
The explicit mathematical formulae of the sub-expression trees are also presented for LAAV 
in Eqs 2-5 and Mwl in Eqs. 6-9.
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1.001 0.3075i
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Fig. 6. Predicted and measured values obtained from the GEP and Ann analyses a) GEP model 1 for LAAV 
b) GEP Model 2 for Mwl c) Ann model 1 for LAAV d) Ann model 2 for Mwl
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4.3. Artificial neural network (Ann) analyses

Similar to the GEP models, several Ann models were also proposed to predict the LAAV 
and Mwl. Using the same parameters in predicting the LAAV and Mwl in the GEP analyses, 
various artificial neural network architectures were attempted in this study. The Ann simulations 
were conducted in the MATLAb environment.

before loading the datasets into the MATLAb environment, the database (Table 3) was first 
pre-processed by normalising them within the range of –1 and 1 to prevent overfitting the network 
[65]. The datasets were divided into training (70/100), testing (15/100), and validation (15/100) 
datasets. Then the feed-forward backpropagation network was implemented in the training dataset. 
The training function was set to be Levenberg Marquardt, and the transfer function of tan sigmoid 
(tanh) was used in both the hidden and output layers. For LAAV prediction, the Ann architecture 
was defined as 5–4–1; on the other hand, for Mwl prediction, the Ann architecture was 3–5–1. 

based on the above explanations, the proposed Ann models are transformed into a functional 
mathematical form using the extracted weights and biases obtained from the Ann simulations. 

The Ann-based predictive models are presented in Eqs 10-14 for LAAV and Eqs 15-20 
for Mwl.

As for the Ann analysis results, strong correlations were obtained between the predicted 
and measured LAAV and Mwl values (Fig 6c, 6d). The R2 for these models were 0.98 and 0.99, 
respectively. Therefore, the Ann models have a higher prediction efficiency than the proposed 
GEP models.
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1.6459 3.2655 3.2215
3.1973tanh

1.5986 2.7599 4.089
d aw PLS

y
FI AIV

    
     

 (15)

  1 3.522 tanh 10.8421 1.5996 0.745 0.9823d a DEy w M     (16)

  2 7.032 tanh 3.6167 3.4952 0.5438 1.2666d a DEy w M     (17)

  3 4.0049 tanh 10.4314 0.187 1.7675 0.8183d a DEy w M      (18)

  4 2.8917 tanh 5.0978 2.3701 6.8612 6.6141d a DEy w M      (19)

  5 5.9888 tanh 4.5912 4.8939 2.9453 0.3191d a DEy w M      (20)

4.4. model performance

The performance of the established models was evaluated using various statistical indices 
such as root means squared error (RMSE), mean absolute percentage error (MAPE), and the vari-
ance accounted for (VAF). The adopted indices have been used and recommended in previous 
literature [65,66] to be performance indicators. The equations for calculating the above indices 
are listed in Eqs. 21-23.
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where oi is the observed data, ei is the estimated data, and n is the number of observations.

The performance indicators for the proposed soft computing models are presented in Table 6. 
Since the proposed GEP and Ann models (Fig. 6) yield higher R2 values than the regression 
models (Fig. 4), only soft computing model performances are presented in Table 6. keep in mind 
that the theoretically expected R2 value is 1, while that of VAF is 100. on the other hand, relatively 
successful predictive models should yield MAPE and RMSE values as small as possible. based 
on this information, for the LAAV prediction, R2, RMSE, MAPE, and VAF values of the GEP 
model were found to be 0.843, 2.742, 2.291, and 84.34, respectively, while their values for the 
Ann model were determined as 0.982, 0.945, 0.332, and 98.21, respectively. When focusing on 
the models estimating the Mwl, the R2, RMSE, MAPE, and VAF values of the GEP model were 
0.864, 1.83, 1.571, and 86.37, respectively. The values of the statistical indicators for the proposed 
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Ann model were 0.993, 0.413, 0.221, and 99.32. Hence, the performance of the Ann models 
for estimating LAAV and Mwl are closer to the theoretically expected R2 and VAF values. in this 
direction, when comparing the statistical indicators of the GEP models with those obtained from 
the Ann analyses, the Ann-based models were found to have a higher prediction capability. 
The performance evaluation of the proposed models is also illustrated in Fig. 7, which clearly 
shows their prediction capability for each case.

TAbLE 6

Performance evaluation of the predictive models

model no dependent variable equation r2 rmse mApe VAf
GEP 

Models
LAAV 2 0.843 2.742 2.291 84.34

Mwl 6 0.864 1.830 1.571 86.37
Ann 

Models
LAAV 10 0.982 0.945 0.332 98.21

Mwl 15 0.993 0.413 0.221 99.32

4.5. Assessment of the investigated rocks for bituminous  
paving mixtures based on the proposed soft  
computing models

The soft computing tools (i.e., GEP and Ann) utilised in this study provide practical 
knowledge about estimating the LAAV and Mwl values of the investigated rocks. For a deeper 
investigation of the suitability and long-term usability of the investigated rocks, the measured 
and predicted LAAV and Mwl values were considered concerning the technical requirements 
of ASTM D692 / D692M [54]. Prior to this evaluation, it should be mentioned that based on 
the regression analysis (Fig. 4), the LAAV can be declared as a function of AiV, MDE, and 
PLS to some extent. on the other hand, the Mwl is associated mainly with the wa of the inves-
tigated rocks. 

Using such rock properties, strong predictive models were established based on the GEP and 
Ann analyses. Since the LAAV and Mwl are critical parameters, especially for road and pave-
ment design studies, they were evaluated using high-precision measuring tools or techniques. For 
assessing the rock aggregate quality, these parameters (i.e., LAAV and Mwl) were emphasised 
and highlighted by köken et al. [67]. in that study, rock weathering was declared a critical phe-
nomenon for rock quality control processes. Since progressive rock weathering decreases the 
overall rock quality, only unweathered rock materials were considered and used in the present 
study. Therefore, their weathering trends were not evaluated. it is, however, required to have 
quantitative results on their weathering trends using rock weathering indices or ageing tests for 
further studies. notably, the wa is a critical variable for bituminous paving mixtures. it is also 
necessary to be considered since asphalt absorption of rock aggregates in bituminous paving 
mixtures is associated with the wa of rocks [68, 69].

coming back to the predicted LAAV and Mwl values, when comparing the LAAV and Mwl 
values obtained from the GEP and Ann models, it can be claimed that the predictions of the 
GEP models are sensitive to various rock types. on the other hand, the Ann model seems to be 
more stable and provides more consistent LAAV and Mwl values (Fig. 7). 
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Therefore, it is recommended that the Ann-based models (Eqs 10, 15) could be reliably used 
to estimate LAAV and Mwl for the investigated rocks. nevertheless, the proposed GEP models 
should be improved by adding new rock types and/or input parameters. 

Anyhow, this work can be declared a case study showing the applicability of GEP and Ann 
methodologies for the evaluation of LAAV and Mwl of some aggregates from Turkey. Hence, the 
number of samples should be increased to obtain general inferences in further studies.

The technical requirements of ASTM D692/D692M [54] for bituminous paving mixtures 
were also plotted in Fig. 7. in this regard, only one rock type (R7) seems to be unsuitable for use 
in bituminous paving mixtures when considering its LAAV value. 

nonetheless, R7 and R13 are critical rock types in their use based on their Mwl values. R7 
was a porous limestone, and R13 was defined as andesite in lithology. based on the sampling 
frequency limit proposed by Phillips [45] (i.e., Mwl ≤ 10%), R14-16 and R22 should be considered/
tested every 18-24 months in terms of their Mwl values for their long-term stability. The lithol-
ogy of these rocks (R14-R16 and R22) are andesite and granite. These are practically known as 
unsuitable rock types for long-term use in paving mixtures, although their technical requirements 
are eligible for initial use. R4 can also be added to this group of rocks.

Fig. 7. comparison of the proposed models for each case
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5. conclusions

This study evaluated the LAAV and Mwl of 25 different rock types in nW Turkey using 
regression analyses and soft computing methods such as GEP and Ann. The above rock aggre-
gate properties are critical parameters because they provide quantitative knowledge on aggregate 
quality assessment in numerous engineering applications.

However, their laboratory experiments are costly and time-consuming. Hence, it is re-
quired to develop robust models that can minimise the experimental time and cost of these 
critical rock aggregate parameters. To achieve the aim of this study, various laboratory tests 
were conducted to determine the γd, wa, PLS, AiV, LAAV, MDE, and Mwl in accordance with 
the iSRM, bS, TS and En standards. Then, the obtained laboratory results were transformed 
into a comprehensive database and used in developing the proposed GEP (Eqs 2, 6) and Ann 
(Eqs 10, 15) models. before developing the GEP and Ann models, regression analyses were 
first conducted to reveal statistically correlative parameters for the evaluation of LAAV and Mwl. 
Then, soft computing analyses were carried out, considering the obtained correlative parameters. 
Furthermore, the suitability of the assessed rock types for use in bituminous paving mixtures is 
also investigated.

The main conclusions obtained from the present study can be drawn as follows:
• The prediction capability of the GEP and ANN models is closer to the laboratory-measured 

values than the regression model predictions. based on the performance evaluation of 
the models, the proposed Ann models outperformed the other models established in this 
study. Therefore, it is recommended that the Ann-based predictive models be used to 
estimate the LAAV and Mwl of the investigated rocks. 

• Most of the investigated rocks (except R7) are suitable for use in bituminous paving 
mixtures. Rock types of R14–16 and R22 should be further investigated for their long-term 
suitability in bituminous paving mixtures.

• Explicit mathematical formulations of the proposed GEP and ANN models were introduced 
in this study. These models can easily be implemented by coding them in any computer 
programming language, paving the way for assessing rock aggregate quality. However, 
the GEP models should be improved by attempting other fitness functions and/or input 
parameters.
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