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Cation exchange capacity (CEC), as an important
indicator of soil quality, represents the ability of the
soil to hold positively charged ions. In this study, CEC
was successfully predicted using different statistical
methods, including artificial neural networks (ANNs)
involving multi-layer perceptron (MLP), radial basis
function (RBF), multiple linear regression (MLR) and
nonlinear regression (NLR). About 293 soil samples
were collected from North East India, which are under three land uses (shifting agriculture (jhum), forest
and cash crops). Also, 70% of the samples (205 samples) was selected as the calibration set and the
remaining 30% (88 samples) used as the prediction
set. Soil pH, texture, bulk density (BD) and organic
carbon (OC) were used as predictor variables to estimate CEC. The CEC-pedotransfer function (CECPTF) performance was evaluated with the coefficient
of determination (R2), root mean square error
(RMSE) and standard error for the estimate (SEE)
between the observed and predicted values. The results indicated that the nonlinear model (R2 = 0.91 and
SEE = 1.82 for training) for cash-crop system, and
RBF (R2 = 0.91 and SEE = 3.83 for training) for jhum
system were the best models to estimate CEC. In contrast, RBF (R2 = 0.67 and SEE = 14.87 for training)
for forest system was the worst model to estimate
CEC. The results confirm that clay and OC were the
most influential variables to predict CEC in the cashcrop system, whereas BD and OC were more suitable
for jhum system. Although the ANNs provided suitable predictions of the entire dataset, NLR gave a formula to estimate soil CEC using commonly tested soil
properties. Thus, NLR provided a reasonable estimate
of CEC for most soils analysed.
Keywords: Artificial neural networks, cation exchange
capacity, multiple regression, land uses.
SOIL acts as a reservoir for different plant nutrients, and
is well recognized to serve various ecological functions
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like gas exchange, water filtration, food supply and
carbon storage1–3. Apart from ecological services, soil
also provides an important platform to various cycles like
hydrological cycle, nutrient cycle and biological cycles,
which are imperative for the sustainability of soil and
human health4,5. Soil physical, biological and chemical
parameters are the indicators of soil health and quality.
However, these parameters are vulnerable to natural
interruptions or land-use changes6. Therefore, a large
dataset of various soil parameters is required for determination of soil quality. This task is generally not viable in
developing regions due to less availability of resources7.
Necessity of developing cost-effective and easy methods
and ways for determination of soil quality has also been
advocated by several researchers8,9.
Cation exchange capacity (CEC) is an important chemical property of soil that has been considered as a key
indicator of soil quality in many studies10–12. It is the relative capacity of a soil to hold and exchange cations13. The
effect of different soil physical (particle size distribution), chemical (soil reaction) and biological (organic
matter) properties on CEC has been described in the
literature14,15. Despite the significance of determination of
CEC as an important indicator of soil chemical properties, adequate datasets are not available owing to its conventional and protracted measurement16–18. Researchers
have developed different pedotransfer functions (PTFs) to
predict CEC19–24. Seybold et al.25 used soil organic matter
(SOM), pH and clay content of soil as input soil properties to develop PTFs for CEC. Use of soil structural
properties, like bulk density (BD), was also recommended
by a few workers26,27. Khaledian3 developed PTFs utilizing SOM, pH, calcium carbonate equivalent (CCE) and
soil texture for different land uses of USA, Spain, Iran
and Iraq.
As indicated in the above-mentioned studies, various
types of PTFs have been developed using a variety of
inputs and statistical approaches all over the world; however, no such attempt has been made for the North Eastern
Region (NER) of India. Exceptional agro-ecological
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Figure 1.

Soil sampling points for the entire dataset.

condition is one of the main characteristics of the NER of
India, due to which it is known to be the centre of speciation for many plant species28. It is one among the 12 biodiversity hotspots in the world, with 65% of its area
under forests and 16% under agriculture29. The shifting
cultivation is a major agriculture practice popular among
locals of this region and is one of the major sources of
income for them. The importance of CEC in evaluating
soil quality of forest and jhum land of this region has
already been reported30. Thus, the present study aims to
develop PTFs for estimating this important soil property
using basic soil parameters in major land uses of NER of
India.

Materials and methods
Study area
The present study was carried out in Nagaland. The state
is located in the extreme northeast of the country, and lies
between 25°10′–27°4′N lat. and 93°15′–95°15′E long.,
with an area of 1.66 M ha. The elevation ranges from 194
to 3826 m amsl. The average annual rainfall is 1831 mm,
where 90% is distributed from May to October. The
forest cover of the state is 12,489 sq. km (ref. 31).
Temperate evergreen, tropical evergreen, tropical semievergreen, tropical moist deciduous, bamboo forests and
degraded forests31. The major agricultural land-use pattern
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is ‘shifting cultivation’, locally known as ‘jhum’32. The
upland rice (Oryza sativa) is the staple food of the state and
farmers only use conventional practices for its cultivation33.
Other major crops are maize, cowpea and vegetables. Tea
and rubber are the major plantation crops of the state and
are mainly cultivated in the foothill zones, especially in
Mokukchung district. According to the soil taxonomy, most
of soils in the region can be classified as Inceptisols followed by Ultisols34.

Soil sampling and analysis
A total of 293 sites were randomly selected in the state,
on the basis of land use (forest, jhum and cash crops) and
elevation gradient. The sampling positions of all the sites
were recorded with the help of GPS (Figure 1). Soil
samples were collected from 0 to 30 cm depth in all the
sites. They were immediately stored in polyethylene bags,
after being air-dried at room temperature (22°C) and
sieved through 2 mm sieve to remove litter, roots and
coarse particles. Particle size analysis was done by the
hydrometer method and percentage sand, silt and clay
was calculated35. BD was estimated by the core method36.
Soil pH was determined in 1 : 2 soil–water suspensions
using a digital pH meter. Soil organic carbon (SOC) was
estimated using the modified Walkley–Black method37.
CEC was estimated by 1 N-ammonium acetate (pH 7.0)
method38.
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Machine learning approaches

Adj R 2 = 1 − (1 − R 2 )

Artificial neural network: The artificial neural network
(ANN) is a powerful, soft computational technique which
has been widely used in environmental sciences. It comprises of parallel systems that are composed of processing
elements (PE) or neurons, which are assembled in layers
and connected through several links or weights39. Multilayer perception (MLP) and radial basis function (RBF)
are the two most popular architectures used in ANN.
MLP can be trained by a back-propagation algorithm,
while RBF is multi-layer and feed-forward, and often
used for strict interpolation in multi-dimensional space39.
Before data analysis, the selected covariates were
grouped into categories based on their land-use system.
To establish PTFs, particular attention was given to
determining covariates that were related to soil CEC. In
order to determine the influential variables in different
subsets, the correlation (Pearson) of variables was
evaluated, and significant differences were estimated at
P < 0.05. As the result, before obtaining the pedotransfer
models, we ignored the covariates that did not have a significant effect on the estimation of soil CEC using a
stepwise regression model.

Statistical methods and data analysis
Descriptive statistics such as minimum and maximum
values, mean, standard deviation, variance, skewness and
kurtosis was performed for each land use and the entire
dataset. Linear correlation (Pearson) and multiple linear
regression analyses were also conducted for all land uses
and the whole dataset. After selecting the covariates that
maximum influenced the prediction of soil CEC, we
tested the fit of linear (y = ax + c) and nonlinear quadratic
regression (y = ax2 + bx + c) formulas for (i) the whole
data regardless of land-use system, (ii) the forest system,
and (iii) the shifting cultivation system and (iv) the cash
crop system. We also optimized the models by ANNs,
particularly RBF and MLP. Finally, the fitted graphs
were prepared by testing 176 samples.

Model validation
All CEC–PTF models were evaluated based on four different error criteria, namely the coefficient of determination (R2), adjusted coefficient of determination (adj.R2),
standard error for the estimate (SEE), and root mean
square error (RMSE) between the observed and predicted
values. These four indices were calculated using the
following equations

∑ i =1 (predi − obs)2 ,
n
∑ i =1 (obsi − obs)2
n

R2 = 1 −
2022

(1)

n −1
,
n − predi − 1

∑ (obsi − predi )2 ,

SEE =

n

RMSE =

1 n
∑ (obsi − predi )2 ,
n i =1

(2)

(3)

(4)

where n is the number of data points at the ith location;
obs and pred are observed and predicted CEC values, and
obsi donates the mean for observed CEC values. SEE
gives the bias, whereas RMSE estimates the prediction
accuracy40. For all methods and datasets, about 70% of
the data, was randomly selected to train the models and
the remaining data (around 30%) was used as a validation
dataset. All analyses were performed using SPSS 20
(IBM, USA).

Results
Summary statistics of soil properties
Table 1 presents a summary of the descriptive statistics
for pH, sand content, silt content, clay content, BD, SOC
and CEC. The pH was in the acidic range, with mean
values ranging from 5.02 to 5.18. Also, not much variation was observed in the sand % (43.87–49.98 (m/m))
among land uses. The sand % was reported minimum in
forests, while cash crops land-use system had the maximum value. The silt % varied from 26.46 to 27.88. Variation was also observed when the clay means were
compared between different land uses (22.15%–29.67%
(m/m)). The variation among sand, silt and clay is mainly
related to the weathering, erosion, deposition and soil
forming processes. The highest BD mean was recorded in
the cash crop (1.06 kg m–3) and lowest in jhum
(0.87 kg m–3). In general, BD was found to be low for all
observed land uses. On the contrary, SOC content was
high; it varied from 1.47% to 2.00% and highest SOC
mean was observed in forest and lowest in jhum soils.
CEC varied widely (13.60–20.19 cmol kg–1), being highest in forest use and lowest in jhum soils.

Correlation of CEC with other soil parameters
Table 2 shows the Pearson’s correlation results between
CEC and sand, silt, clay, BD, pH and SOC. A positive
correlation between CEC and sand (P < 0.05) was observed
in soils of forest and the whole systems. A non-significant relationship between silt and CEC (P < 0.05) was
recorded for the land uses except for forest. Our findings
suggest a positive and significant correlation between
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Table 1.

Summary for descriptive statistics of measured soil properties under different land uses and whole dataset

Land-use system

Parameter

pH

Sand
Silt
% (m/m) % (m/m)

Clay
% (m/m)

Bulk density
(kg m–3)

Soil organic Cation exchange
carbon
capacity (CEC)
(SOC) (%)
(cmol kg–1)

Whole systems (n = 293)

Minimum
Maximum
Mean
Standard deviation
Variance
Skewness
Kurtosis

3.61
6.82
5.10
0.77
0.60
0.36
–1.03

6.00
94.60
46.20
15.54
241.42
0.47
0.82

2.00
73.6
27.02
10.44
109.0
0.97
2.41

0.35
81.80
26.78
12.80
163.8
1.01
3.41

0.56
1.45
0.94
0.17
0.03
0.36
4.03

0.31
3.21
1.71
0.68
0.46
0.06
–0.92

4.35
34.42
17.07
6.96
48.51
0.23
–0.78

Forest (n = 149)

Minimum
Maximum
Mean
Standard deviation
Variance
Skewness
Kurtosis

3.70
6.74
5.07
0.79
0.62
0.41
–0.99

6.00
85.20
43.87
13.88
192.77
–0.084
0.56

2.00
60.15
26.46
9.61
92.42
0.04
1.06

0.35
81.80
29.67
13.18
173.66
1.56
4.86

0.68
1.45
0.97
0.15
0.02
1.98
10.05

0.50
3.21
2.00
0.60
0.36
–0.06
–0.86

5.33
34.42
20.19
6.41
41.07
–0.06
–0.51

Jhum (n = 107)

Minimum
Maximum
Mean
Standard deviation
Variance
Skewness
Kurtosis

3.61
6.54
5.18
0.76
0.58
0.30
–1.25

12.85
94.60
48.14
17.76
315.39
0.83
0.53

3.70
73.60
27.50
11.79
139.10
0.90
2.93

1.50
57.80
24.37
12.41
154.02
–0.01
–0.21

0.56
1.19
0.87
0.14
0.02
0.21
–0.64

0.31
2.78
1.39
0.63
0.40
0.39
–0.76

4.99
25.39
13.60
5.57
30.98
0.48
–0.80

Cash crops (n = 37)

Minimum
Maximum
Mean
Standard deviation
Variance
Skewness
Kurtosis

3.71
6.82
5.02
0.76
0.57
0.44
–0.42

24.00
78.00
49.98
13.74
188.77
–0.15
–0.56

2.60
58.00
27.88
9.58
91.84
0.14
2.53

7.20
40.85
22.15
9.35
87.39
0.53
–0.68

0.81
1.36
1.06
0.17
0.03
0.39
–1.16

0.37
2.59
1.47
0.63
0.40
0.23
–1.30

4.35
29.98
14.54
7.13
50.79
0.66
–0.49

Table 2.

Correlation (Pearson) between soil covariates and cation exchange capacity (CEC) for different
land-use systems

Land-use system
Whole systems
Forest
Jhum
Cash crops

Sand

Silt

Clay

BD

–0.153**
–0.163*
0.043ns
–0.277ns

0.007ns
0.166*
–0.108ns
–0.038ns

0.18**
0.052ns
0.042ns
0.445**

–0.102ns
–0.324**
0.19*
0.026ns

pH
–0.084ns
–0.07ns
–0.034ns
–0.155ns

SOC
0.924**
0.903**
0.942**
0.865**

Significant differences are indicated as P < 0.05* and P < 0.01**. ns, Not significant.

CEC and clay content (P < 0.05) for the cash crops and
the whole systems. Significant positive relationship was
established between CEC and BD (P < 0.05) under forest
and jhum land use. The pH of the studied soils showed a
non-significant relationship with CEC. On the contrary,
SOC of all the studied soils showed a positive and highly
significant (P < 0.05) relationship with CEC.

Estimation of CEC using regression analysis
Table 3 shows the results of multiple linear regression
analyses for CEC, under the whole systems and different
land uses. In the whole systems, CEC is well predicted by
SOC when linear regression method was used. R2 and
CURRENT SCIENCE, VOL. 116, NO. 12, 25 JUNE 2019

SSE values for the equation are 0.86 and 2.66 respectively.
Moreover, when nonlinear method was used, R2 and SSE
values remained similar. In forest soils, CEC was well
predicted with SOC, with R2 and SSE values of 0.80 and
2.76 respectively (Figure 2). Although R2 and SSE values
were the same under both the linear and nonlinear
regression, the number of covariates was more in the nonlinear regression equation. Similar results for both the
equations were obtained for jhum lands also. The value
for R2 under jhum was 0.89, which is better than forests.
However, in plantation crops, the values of R2 and SSE
for linear and nonlinear regression equations were different
(Figure 3). For linear equation the values were 0.75 and
3.63, while for nonlinear equation they were 0.92 and 1.82
respectively.
2023

RESEARCH ARTICLES
Table 3.
Land-use system
Whole systems

Training
set
205

Regression
method
Lineara
Linearb
Non-lineara

Performance indices for the training models with their equations
R

R2

SEE

P-value

Equation

0.93
0.93

0.86
0.86
0.86

2.66
2.66
2.66

0.00
0.00
0.00

0.86

2.66

0.00

CEC = 0.025*Sa + 0.021*Cl + 9.506*SOC – 0.858
CEC = 9.652*SOC + 0.724
CEC = –0.246*Sa2 + 0.00*Cl^2 + 0.086*SOC2 +
0.073*Sa + 0.036*Cl + 0.086SOC + 9.359
CEC = 0.149*SOC2 + 9.117*SOC + 1137

Non-linearb
Forest

104

Lineara

0.90

0.82

2.77

0.00

Linearb
Non-lineara

0.90

0.82
0.84

2.76
2.76

0.00
0.00

0.82

2.76

0.00

0.89
0.89
0.86

1.86
1.86
1.86

0.00
0.00
0.00

0.89

1.86

0.00

0.76
0.75
0.92

3.60
3.63
1.82

0.00
0.00
0.00

0.75

3.61

Non-linearb
Jhum

75

Lineara
Linearb
Non-lineara

0.94
0.94

Non-linearb
Cash crops

26

Lineara
Linearb
Non-lineara
Non-linearb

a

0.87
0.87

0.00

CEC = 0.013*Sa + 0.021*Si – 1.415*BD + 9.516*SOC +
1.47
CEC = 9.626*SOC + 1.027
CEC = 0.001*Sa2 + 0.001*Si2 – 28.127*BD2 +
0.188*SOC2 – 0.133*Sa – 0.46*Si + 55.329*BD +
8.659*SOC – 20.053
CEC = –0.474*SOC2 + 11.496*SOC – 0.648
CEC = 8.233*SOC – 2.017*BD + 8.394
CEC = 8.301*SOC + 2.051
CEC = 7.901*BD2 – 0.164*SOC2 –16.574*BD +
8.662*SOC + 10.075
CEC = –0.183*SOC2+8.856*SOC+1.707
CEC = 0.09*Cl + 9.228*SOC – 1.056
CEC = 9.762*SOC + 0.152
CEC = 0.005*Cl2 + 2.299*SOC2 – 0.225*Cl +
0.155*SOC + 5.974
CEC = 1.327*SOC2 + 5.671*SOC + 2.785

b

For regression method: Regression model using enter method for all covariates; Regression model using stepwise method.
SEE, Standard error of the estimate.

Figure 2. Predicted versus measured values of soil cation exchange capacity (CEC) of validation set using linear regression
model with performance indices for: a, whole land-use systems; b, forest; c, jhum; d, cash crops.
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Figure 3. Predicted versus measured values of soil CEC of validation set using nonlinear regression (quadratic) model
with performance indices for: a, whole land-use systems; b, forest; c, jhum; d, cash crops.

Estimation of CEC using ANNs
Table 4 shows the results of RBF and MLP functions.
The R2 value for whole system under RBF network was
0.86 and the number of hidden layers was 9, while in
jhum lands the value of R2 was the highest (0.91) and 8
hidden layers were found. The number of input and
hidden layer was similar under MLP network of the
whole systems and jhum lands, but the latter had slightly
better values of R2 (0.89) compared to the former.

Discussion
The pH was found to be acidic in nature, indicative of no
salinity problem in the studied area. The NER of India is
mainly a hilly region endowed with heavy rainfall, which
leads to the leaching of bases from the exchange complex. Our findings suggest that the textural composition
of the soil were inter-related to each other, where the decrease in one may increase the other. The variation in
mean values of sand, silt and clay in the land uses is
mainly due to management practices. This suggests formation of clay from sand and silt fractions due to alteration and/or neoformation under humid subtropical
condition41. Rao and Wagenet42 suggested that variation
in basic soil parameters like soil texture is due to intrinsic
(weathering) and anthropogenic (cultivation) factors. BD
CURRENT SCIENCE, VOL. 116, NO. 12, 25 JUNE 2019

varied widely, being highest in the cash crop and lowest
in jhum land use. This variation in BD can be explained
by the differences in organic matter content, cultivation
process and biotic activities43. SOC content was in general high in the studied soils. Jhum lands had the highest
values of SOC, due to continuous slash down and burning
of plant litter and its easy decomposition. Low CEC was
observed in the studied soils which may be due to the
presence of low-activity clay (kaolinite), as CEC is immensely affected by mineralogy of the soil44. It was
found that CEC was least in jhum due to continuous
washing away of topsoil because of steep slopes and high
rainfall in the studied zone. In all the studied land uses,
direct and positive correlation between CEC and SOC
was noticed. This showed that CEC was directly affected
by organic matter45. Singh et al.32 also reported high value of SOC in forest compared to other land uses from the
same region. The variation in CEC for the different land
uses is also supported by the results Brevik14, and Mukherjee and Zimmerman15, who reported that particle size
distribution, pH and SOM are the main drivers of CEC in
soils.
In all the land uses and the entire dataset, significant
positive relationship between SOC and CEC was recorded. This is in accordance with the findings of Brady and
Weil46, who reported that SOC is strongly correlated with
SOM and subsequently, SOC has a high value of CEC per
unit volume47. Zeraatpishe and Khormali48 reported that
2025
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Table 4. Summary of the radial basis function (RBF) and multi-layer perceptron (MLP) networks and their performance indexes used in this study
Land-use
system
Whole systems
Forest
Jhum
Cash crops

Artificial
neural networks
method

Training set

Validation set

TN

SSE

RE

TN

SEE

RE

RBF
MLP
RBF
MLP
RBF
MLP
RBF
MLP

213
202
99
106
79
73
25
26

12.12
15.49
14.87
8.79
3.83
3.73
2.11
3.72

0.11
0.15
0.30
0.47
0.10
0.10
0.18
0.30

80
91
50
43
28
34
12
11

8.20
6.35
8.78
4.75
1.24
1.58
3.15
0.91

0.20
0.16
0.40
0.20
0.08
0.13
0.36
0.43

R2 (quadratic)
of observed
versus predicted
0.86
0.85
0.67
0.83
0.91
0.89
0.71
0.79

Input
layer

Hidden
layer

Output
layer

1
1
4
4
1
1
2
2

9
1
2
3
8
1
5
3

1
1
1
1
1
1
1
1

TN, Total number of samples; SEE, Sum of squares error; RE, Relative error.

high concentration of SOC affects soil pH and thereby
CEC. SOC is able to explain maximum variation in CEC
under different land uses and different techniques. Under
jhum lands, 89% of variation has been explained by SOC
by linear regression technique. However, in total dataset,
SOC can explain 86% of variability in CEC. The role of
SOC in controlling CEC has been already explained by
several researchers16,48,49. Our results are also in line with
their findings, as SOC is the basic input which can be
significantly utilized to predict CEC in this region.

Conclusion
In this study, ANNs were employed to predict CEC.
Sand, silt, clay, BD, pH and SOC were the basic inputs
used to find their relationship with CEC among different
land uses and the entire dataset. Correlation analysis
showed that SOC was the important property having relationship with CEC in land uses and entire dataset. The
most influential variables for the cash crop system were
clay and SOC, whereas BD and SOC showed the most
influenced on jhum system. Overall, 16 different models
were developed using different techniques and tested for
different land uses and the entire dataset for their accuracy.
Although the ANNs provided suitable predictions of the
entire dataset, nonlinear regression provided a formula to
estimate soil CEC using commonly tested soil properties.
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