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Introduction

The study of soil mean weight diameter (MWD) of wet aggregates that is important for sustainable soil
management, has recently received much attention. As the prediction of MWD is challenging, laborious, and time-
consuming, there is a crucial need to develop a predictive estimation method to generate helpful information
required for the soil health assessment to save time and cost involved in soil analysis. Therefore, it is useful to use
different models such as multiple linear regression (MLR) and intelligent models including artificial neural
network (ANN) and gene expression programming (GEP) to estimate MWD of wet aggregates through easily
accessible and low-cost soil properties. The objectives of this study were (1) to creating MLR, ANN and GEP
models for predicting MWD from the easily measurable soil variables in forest, range and cultivated lands of the
Fandoghloo region of Ardabil province, (2) to compare the precision of the mentioned models in the prediction of
MWD of wet aggregates using the coefficient of determination (R?), root mean square error (RMSE), mean error
(ME) and Nash-Sutcliffe coefficient (NS) criteria.

Materials and Methods

Disturbed and undisturbed soil samples (h= 80) were nearly systematically taken from 0-10 cm depth with
nearly 50 m distance in forest (n= 20), range (n= 23) and cultivated (n= 37) lands of the Fandoghloo region of
Ardabil province, Iran (lat. 38° 24' 10" to 38° 24' 25" N, long. 48° 32' 45" to 48° 33' 5" E) in summer 2023. The
contents of sand, silt, clay, CaCOs, pH, EC, bulk (BD) and particle (PD) density, organic carbon (OC), geometric
mean diameter (GMD) of dry aggregates were determined in the laboratory using standard methods. Total porosity
(n) was calculated using BD and PD data (n= 1-BD/PD). The mean geometric diameter (dq) and geometric standard
deviation (og) of soil particles were computed by sand, silt and clay percentages. The mean weight diameter
(MWD) of wet aggregates was measured in the aggregates smaller than 4.75 mm by wet sieving equipment using
sieves with 2, 1, 0.5, 0.25 and 0.106 mm pore diameter. All data were randomly divided into two series as 60 data
for training and 20 data for testing of models. The SPSS 22 software with the stepwise method, MATLAB and
Gene Xpro Tools 4.0 software were used to derive multiple linear regression (MLR), artificial neural network
(ANN) and gene expression programming (GEP) models, respectively. A feed forward three-layer (9, 8, 6 and 6
neurons in the hidden layer) perceptron network and the tangent sigmoid transfer function were used for the ANN
modeling. A set of optimal parameters were chosen before developing the best GEP model. The number of
chromosomes and genes, head size and linking function were selected by the trial and error method, and they are
30, 3, 8, and +, respectively. The rates of genetic operators were chosen according to literature studies. The
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precision of MLR, ANN and GEP models in predicting MWD of wet aggregates were evaluated by the coefficient
of determination (R?), root mean square error (RMSE), mean error (ME) and Nash-Sutcliffe coefficient (NS)
statistics.

Results and Discussion

The values of sand (13.14 to 64.79 %), silt (21.11 to 74.96 %), clay (3 to 42.18 %), OC (1.01 to 7.17 %), PD
(2.00 to 2.67 g cm™®), n (0.39 to 0.87 cm® cm®), GMD of dry aggregates (0.8 to 1.33 mm) and MWD of wet
aggregates (0.35 to 2.65 mm) showed good variations in the soils of the studied region. The studied soils had clay
loam (n=11), sandy clay loam (n= 6), sandy loam (n=12), loam (n= 13), silty clay loam (n= 14), silty clay (n= 1)
and silt loam (n= 23) textural classes. There were found significant correlations between MWD with OC (r=
0.67™), sand (r=0.70""), GMD (r= 0.30™) and PD (r=-0.46"). Also, significant and positive correlation was found
between OC and sand (r= 0.59™). Due to the multicollinearity of sand with dq (r= 0.87""), we did not use the d as
an input variable to estimate MWD of wet aggregates. Generally, four MLR, ANN and GEP models were
constructed to predict MWD of wet aggregates from measured readily available soil variables. The results of MLR,
ANN and GEP models indicated that the most suitable variables to estimate MWD of wet aggregates were sand,
OC and GMD of dry aggregates. The values of R?2, RMSE, ME and NS criteria were obtained equal 0.52, 0.48
mm, 0.13 mm and 0.48, and 0.85, 0.30 mm, 0.03 mm and 0.78, 0.79, 0.35 mm, -0.10 mm, 0.95 for the best MLR,
ANN and GEP models in the testing data set, respectively. Many researchers also reported that there is a positive
and significant correlation between MWD of wet aggregates and OC.

Conclusion
The results showed that sand, OC and GMD of dry aggregates were the most important and readily available
soil variables to predict the mean weight diameter (MWD) of wet aggregates in the Fandoghloo region of Ardabil
province. According to the lowest values of RMSE and the highest values of R? and NS, the precision of ANN
models to predict MWD of wet aggregates was more than MLR and GEP models in this study. Because ANN is
more flexible and effectively captures non-linear relationships, it performed better than the other models in
predicting MWD.

Keywords: Aggregate stability, Artificial neural network, Gene expression programming, Sloped lands, Soil
pedotransfer functions
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1- Multicolinearity
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Table 2- Descriptive statistics of soil variables in the studied area

09!

. 039!
Vef:i::ﬂe Training Testing
Min. Max. Mean Sd. Min. Max. Mean Sd.

n (cm3 cm®) 0.39 0.62 0.53 0.05 0.43 0.87 0.54 0.09
PD (g cm®) 2.01 2.67 2.43 0.15 2.03 2.68 2.41 0.16
Clay (%) 3.00 42.18 20.59 9.73 3.94 38.40 23.86 1041
Silt (%) 21.12 65.20 45.33 13.10 23.38 74.97 45.32 11.91
Sand (%) 13.14 64.80 34.07 15.82 15.31 56.35 30.81 13.63
dg (mm) 0.01 0.21 0.06 0.05 0.02 0.15 0.05 0.04
og (-) 6.94 20.43 11.39 3.21 5.61 17.05 11.92 3.07
MWD (mm) 0.35 2.65 1.30 0.61 0.60 2.50 1.35 0.69
GMD (mm) 0.8 1.33 1.03 0.11 0.89 1.20 1.04 0.09
OC (%) 1.01 7.17 2.78 1.71 1.15 6.55 2.80 1.85
CaCOz (%) 3.12 15.60 7.16 2.00 2.10 10.24 6.82 2.12
pHz1:2.5 5.45 7.34 6.28 0.39 5.68 7.09 6.38 0.41
EC1:25 (dS m?) 0.02 1.08 0.15 0.17 0.04 0.80 0.13 0.16

Jl il :og (geometric mean diameter) <) s i 1Sk (g ¢ SANA wedos Silt ¢y, :Clay (particle density) iis jogase sy PD
b8 i .Ske :GMD (mean weight diameter) 5 slaaliss Jaé 555 S5ke :MWD (geometric standard deviation) cl,d s 3,lakuwl
(:Sike (MEAN 315kl Bl ol :SA . Jlre wads” 0Ly 8 :CaCOs (0rganic carbon) i .8 :0C (geometric mean diameter) i3 slaahss
.Jshs :Min sSlis :Max

(n=80) axlllae 3,50 (gl uiio (o () (ygmw ot (ol iz oo —Y' Jgo
Table 3- Pearson correlation coefficient (r) between studied variables (n=80)

Variable MWD GMD Clay Sand Silt ocC pH EC CaCOs Gy dg PD
GMD 0.30™  1.00

Clay -0.48™ 0.18™  1.00

Sand 0.70™ 0.11™ -0.55™  1.00

Silt -0.46™ -0.27" -0.10 -0.76™  1.00

ocC 0.67" 0.14™ -059™ 059" -0.24" 1.00

pH 0.52" 0.06™ -0.24 059" -0.52™ 0.33" 1.00

EC 0.06"™ -0.07" -0.05"™ 0.15"™ -0.14™ 0.08™ 0.40" 1.00

CaCo3 0.37" 0.02™ -0.28" 041" -0.27° 039" 045" 0.14™ 1.00

Og 0.33" 0.36™ 042 041™ -0.83™ 0.02™ 0377 0.02"™  0.04™ 1.00

dg 057 -0.30™ -0.71™ 0.87" -0.49™ 0557 0477 018" 0447 001"  1.00

PD -0.46™ -0.08™ 0.41™ -0.32™ 0.06™ -0.58" -0.22" -0.11™ -0.28" 0.08™ -0.36™ 1.00
n -0.23" -0.02" 0.08™ -0.22° 0.20™ -0.06™ -0.30™ 0.005™ -0.09™ -0.16™ -0.13"™ 0.19"

el 01 03,91 Y Jgdor 5 5 yukie pS)e Ciog o )3 B g V Jlain] gl 53 5 dime s iy e gt

255 > Jaa Jl 1l &g

¢l (MLR) dalSuin (lod ¢y ga—sa 85 sLadus gl
P sLlsa (MWD) jlad (K59 (aSiles 390 53
5l 5 cbalsSs MWD 5,505 ol MLR Jas g5 ,Las
GMD 1 505 s Jal S iy sl it c53)
P Uiy il (PD) (> oyt p 2 9 St claasliss

* Kk

Variable symbols description is available under Table 2. ™

: Significant at P < 0.05 and P < 0.01, respectively.

pets sla by s | (VIF) ) il g oy Jle

St (63y9) g (sl yuiio 45T > & i > 4 b 00,9y
Judoo (Yazdani et al., 2014) cwl abl jil58l 5l as
¥ Jsi> 2 MLR Jue ez (VIF) uib)ly g ySlas (Jasen
ol e oyt g diswd O 51 y2eS VIF polie 48 aad o LS
&l VIF o5lel 31 IS joboas il o Y/+8 4 sl jimngh 5
opl s 33,5 o 3)ly e yd puiie oy ail O ) ieS it S

1- Variance inflation factor (VIF)
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Sl Jse ) e cade L PD e w53, 5155 &8 a5l e
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MWD 5,50, sly MLR (sla Joe mlujyl slmo,ll
oo Jolis o lal ol sl 0 0351 & Jgds 3 5 slaasliss
s :Sle (RMSE) s &y Silso 4y (R) e
s ol 4l w39 (NS) Sl — 425 <y 5 (ME)
5L 045558 L b Jae (b)) (slp R? (68,4 Lasid ¢ L
6359l plie b (g So5lnl polie JolS cisllas > YL R? 1Y
o 5o 1Y (Kozak et al., 1996) il o s 040 o5 ¢ MWD
355l 3 GEP 3 ANN MLR slaJice 6,5 35,0 ik
Jbo &8 290 0a0lie B Joio & s b CES Sy ol
2o d Cond S )85 0 (99)9 loyito b Y o)l MLR
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200 (O Jga) 3,5 e +/FA o +/AY MM /YA MM - /0¥
3 st sl Sole 9ol 9 (sl sosls sl ME e
(gdm Al ) Al o ¥ oojlad Jao bwg MWD 581y luds
GMD 5 JT 1158 e 53539 Slopeito b ¥ )los MLR Juo
(B Jgiz) )l )13

@ (¥ Jgia) 2355 G A0 (oS (oS 3 pLS
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S 255 o Camme (g5lwdilaS1E Ciysre Jolge I b S0 Ly
S (Sted & g 48 |y yobs Gimghy p3 (aBlie 4idly (]
4 Jgir) ol o (1= <108%%) 0 5 JT )8 o Josine 9
SB I8 o Gl b adlllae 390 ddlate ) K05 @)le
22,5 (MWD) (5L wtbiSls. al3dl g 5 iy il 50
MWD (o b bxe g bie sla S wwed picrod .o wl
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395 (8959 b pxio plw 9 1,50 edlaiwl i claaslis MWD
Sio ety Yl  6lS &) 6l gy g5 ol
Sedso 0mlio 505 ol MLR (gla o ,5 MWD b Giues
L 5 3939 i Slpiean MLR laJus 13 JI S 9 o5
o oyt L I S s all 605 el Cute cdle
P ob Sl e aeg b Sl agh )3 (F Joia) ol 555
JES 31 Jole (o otn (ol ol o 48,5 S ey e o o
s GMD ¢ JT 11,8 5 cl 03 5 (caailaSE MWD 3,41, 5
D)l Gor—)Sy S 13 )15 )18 Coonl (g an > » PD
9 ((Asghari et al., 2021) 4,Ken 5 (5ol ooy o0
oS 9 o= o (Amirabedi et al., 2016) )Ken 5 (sule il
MWD 550 55 Canl Blo (639)5 slapsite olgicas J]
Je PD Laie coode .ol onsd,5 5155 g slaaslass

(MWD) 5 (saailass jh 59 (ke (MLR) ailisia (hd (ygew )5y S0 -F Jgo
Table 4- MLR models of mean weight diameter of wet aggregates (MWD)

5 ylow Jowe VIF gSlas
Number Model Max VIF
1 MWD = 0.028 Sand + 0.346 1.00
2 MWD = 0.018 Sand + 0.148 OC + 0.244 1.55
3 MWD =0.017 Sand + 0.137 OC + 1.444 GMD - 1.148 1.58
4 MWD = 0.016 Sand + 0.099 OC + 1.519 GMD - 0.746 PD + 0.721 2.06

Ll 005 02,91 ¥ Jgda 5 3 b puiie Gy
Variables description is available under Table 2.
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Table 5- Evaluation criteria for MLR models of mean weight diameter of wet aggregates (MWD)

o9l o399
Testing Training
5 ylowd 82939 5 pario R? RMSE ME NS R? RMSE ME NS
Number  Input variables (mm) (mm) (mm) (mm)
1 Sand 0.47 0.51 0.14 0.41 0.52 0.42 -0.001 0.52
2 Sand, OC 0.52 0.48 0.13 0.48 0.63 0.37 0.02 0.63
3 Sand, OC, GMD 0.48 0.49 0.08 0.45 0.69 0.34 -0.02 0.69
4 Sand, O GMP: 043 0.51 0.07 041 071 0.32 0004 071
03ysl Y Ui 35 53 b yuii o -l oy tRZ s uSike ME st layyo 355k ydoe RMSE sl 25 o s (NS
W P W
R2: coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff
coefficient. Variables description is available under Table 2.
el iy Sia omesd o) L @9"}1 9 u—»ﬁjyj slrosly .{,31,.3 &) 22 (ANN) o srms ae asuds glaus galis
3F o)la—ii o ¥ oyla—i Mol pds ¢ g Sl g 3 . . .
T M{N SRR et plaa L (ANN) egns s 453 Jie g
QLY els. ANN«J“ d - 02 }i; PS8 kSl MWD 50 sl (0 Jsis) MLR csla e (5395
c2ge ) oled ANN Jae o I 08 ite gad dldlamdee 0 ANN ola Jse objy) cslaol & i 53 oo S oolizal 5
ool 2 8ol @ 2,5 o €85 QLI g Jue sl il ANN el s s ) sl 015 <61l MWD 3.1,
ANN Jao @ cous ¥ oyles ANN Jio RMSE ¢ Jgsjl (slaosl 9 el bl 2 (0 Usis) MLR csla Je sislen 35 MWD

ANN Juo NS oy 5 idlS 0oy VY D90 e 40 ) o jlos
Lo)d VY 29d> i 4 Y 0)les ANN Jio &y Cu s ¥ ojlo s

o 90jl slaodh 3 NS e 34 YU 9 RMSE s
J.Lo MWD 3)91).3 dl).g ANN J.\n ) cu»l_w‘ ‘J)‘ » .b.))f

2 o (Asghari et al., 2021) I, ISen o L;,s_.?l cal il o 93 GMD 5 T 50,5 s (5395 cslpuiz L Y 0 o5 ANN
45 e S demg)l axly Sl S Sl Sl claSLE NG ME L RMSE R2 pyslie 550 ANN (gL Jie pls
mm 5 R </AY) ol sld 5 Ve ey 5 (slaalisls MWD MM /Y5 MM < /AY 5l e it 5590l slaosly sl Joo
Sloytie 9 EPan (o 4 I““’?’_(RMSE: ak MM /YN MM /A plp Sgojl sLaodls (gly g +/AY g /oY

2,5 259l pres gl Ced 5 I 08 0 5299 &y ME cuto Sl polie (F Jods) dal cwday </VA g +/-Y
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Table 6- Evaluation criteria for ANN models of mean weight diameter of wet aggregates (MWD)

o903 90!
Testing Training
N:)rr::r Input variables (g39,9 (g saxin R? R(mr?wl)z ('r\1/|1rl151) NS R? Filr\n/lr?]I)E (I\rﬂrli) NS
1 Sand 0.59 0.43 -0.049 056 0.61 0.38 0.03 0.61
2 Sand, OC 0.74 0.34 -0.002 0.74 0.75 0.30 -0.03 0.75
3 Sand, OC, GMD 0.85 0.31 0.030 0.78 0.82 0.26 0.03 0.81
4 Sand, OC, GMD, PD 0.72 0.38 -0.127 0.68 0.78 0.29 0.02 0.77

ool 813 03551 ¥ Jsbe 1) 53 b peiie Crosi -l oy tRZ it :Sike ME bt clayye (3:55ke yoiome :RMSE (oS5l 25 o 55 :NS
R2: coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff coefficient. Variables
description is available under Table 2.
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Table 7- Evaluation criteria for GEP models of mean weight diameter of wet aggregates (MWD)

o9l 990!
Testing Training
0 ylowd 82939 5 pario R? RMSE ME NS R? RMSE ME NS
Number Input variables (mm) (mm) (mm) (mm)
1 Sand 0.49 0.50 -0.14 0.89 0.60 0.38 0.00 0.60
2 Sand, OC 0.69 0.37 -0.04 0.94 0.75 0.30 -0.03 0.75
3 Sand, OC, GMD 0.79 0.35 -0.10 0.95 0.80 0.27 0.00 0.80
4 Sand, OC, GMD, PD 0.71 0.40 -0.10 0.93 0.80 0.27 0.01 0.80

Ll 045 03)51 Y Jodo 35 0 b yukio Chnogs -y oy R? s oSSke :ME s Ola o 1:5ke jdome :RMSE cadSSlo— i o b :NS
R?: coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff coefficient. Variables
description is available under Table 2.
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Figure 2- Comparison of estimated and measured values of mean weight diameter of wet aggregates (MWD) using the best

MLR model based on testing data (n=20); F: forest land use, R: range land use and C: cultivated land use

Table 5 provides detailed information about model and input variables.
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Figure 3- Comparison of estimated and measured values of mean weight diameter of wet aggregates (MWD) using the best

ANN model based on testing data (n=20); F: forest land use, R: range land use and C: cultivated land use
Table 6 provides detailed information about each model and input variables.
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Figure 4- Comparison of estimated and measured values of mean weight diameter of wet aggregates (MWD) using the best
GEP model based on testing data (n=20); F: forest land use, R: range land use and C: cultivated land use
Table 7 provides detailed information about each model and input variables.
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