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Abstract
Crop simulation models are widely used as research tools to explore the impact of various technologies and compliment 
field experimentation. Machine learning (ML) approaches have emerged as promising artificial intelligence alternative 
and complimentary tools to the commonly used crop production models. The study was designed to answer the follow-
ing questions: (a) Can machine learning techniques predict maize grain yields under conservation agriculture (CA)? (b) 
How close can ML algorithms predict maize grain yields under CA-based cropping systems in the highlands and lowlands 
of Eastern and Southern Africa (ESA)? Machine learning algorithms could predict maize grain yields from conventional 
and CA-based cropping systems under low and high potential conditions of the ESA region. Linear algorithms (LDA and 
LR) predicted maize yield more closely to the observed yields compared with nonlinear tools (NB, KNN, CART and SVM) 
under the conditions of the reported study. However, the KNN algorithm was comparable in its yield prediction to the 
linear tools tested in this study. Overall, the LDA algorithm was the best tool, and SVM was the worst algorithm in maize 
yield prediction. Evaluating the performance of different ML algorithms using different criteria is critical in order to get 
a more robust assessment of the tools before their application in the agriculture sector.

Keywords Agro-ecology · Big data · Data-driven value creation · Cropping systems · Smallholder agriculture

1 Introduction

Crop simulation models are widely used as research tools 
to explore the impact of various technologies under dif-
ferent biophysical and socio-economic conditions [18, 38]. 
The use of modelling tools complements field experiments 
conducted over a short period of time, saves time and 
financial resources and allows for extrapolation of experi-
mental results to other biophysical and socio-economic 
conditions [22, 31]. Additionally, simulation models aid in 

identifying knowledge gaps, testing hypotheses, design-
ing new experiments and determining the most influential 
factors in farming systems of interest [21, 40].

Various crop simulation models have been developed, 
tested and applied for different purposes in agricultural 
research and development of farming systems. Models 
widely used to better understand smallholder cropping 
systems in sub-Saharan Africa (SSA) include, among 
others, APSIM, DSSAT, Aqua-Crop, Patched-Thirst and 
SOYGRO [31]. These models have been used to increase 
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understanding of the impacts of different management 
practices and climate change and variability on farm 
productivity and resilience, and resilience of smallholder 
farming systems [10]. The use of these tools has been 
constrained by several challenges including availability 
of data required to parameterize, calibrate and validate 
the models before their application, and lack of skills to 
fully include modelling tools in research and development 
of smallholder agriculture in SSA [30, 31]. Reliable climate 
and soil data are major limitations to the application of 
some of these tools in different parts of SSA [49, 52].

Machine learning (ML) approaches have emerged as 
promising alternative and complimentary tools to the 
commonly used crop production modelling [11, 27, 33]. 
The ML approaches are increasingly being applied in crop 
production research compared to other study areas such 
as soil and water management and livestock production 
in agriculture [27]. In crop production, ML tools have been 
applied predominantly for yield prediction and disease 
detection in cropping systems. The ML techniques can be 
used for crop yield prediction at different scales such as 
local, regional and country levels [25]. Machine learning 
is an application of artificial intelligence that enables a 
system to learn from examples and experience without 
explicit programming. Machine learning comprises of a 
category of algorithms that allows software applications 
to become more accurate in predicting outcomes from 
systems of interest in research [11, 43]. The basic premise 
of ML is to build algorithms that can receive input data 
and use statistical analysis to predict an output while 
updating outputs as new data become available. The 
advantages of ML include extracting/entangling more 
knowledge and picking/identifying trends from big data 
sets [50]. Additionally, ML algorithms can continuously be 
improved and hence increase prediction efficiency, and 
ML can be applied in different fields including agricul-
ture [3]. Machine learning tools allow learning of useful 
complex relationships in a big data set [15]. Additionally, 
ML approach fills the gap when required data sets for bio-
physical modelling are not available [50], a situation which 
is often common in SSA [49, 52]. Given the increasing pres-
sure from emerging pests such as the fall armyworm [5], 
ML techniques can play a critical role in forecasting pest 
attack incidences, giving farmers an opportunity to pre-
pare control measures well in advance [1, 33].

Machine learning techniques available for use in agri-
culture include regression, fuzzy cognitive map learning, 
artificial neural networks, CART, KNN, random forest and 
SVM [6, 25, 33]. The different ML techniques vary in their 
accuracy levels, and selection of an algorithm to use is a 
critical first step. The performance of selected algorithms 
depends on various aspects including size of the data set 
used, experimental noise and errors in data collection, 

among others [13]. Comparing artificial neural network 
and multiple linear regression, [25] revealed that the for-
mer predicts maize (Zea mays L.) and soybean (Glycine max 
L.) yields better at local and regional levels compared with 
the regression approach.

This study was designed to explore the use of ML tech-
niques in predicting maize yields from different CA-based 
cropping systems under highland and lowland conditions 
of Eastern and Southern Africa (ESA). The study questions 
were (a) Can ML techniques be used to predict maize grain 
yields? (b) How close can ML algorithms predict maize 
grain yields under CA-based cropping systems in the high-
lands and lowlands regions of ESA? (c) Which algorithm(s) 
predict(s) maize grain yields better than others? The spe-
cific objectives were to (a) derive a palpable ML-based 
system of differentiating maize grain yields according to 
cropping systems with respect to agro-ecology, (b) evalu-
ate the accuracy and precision of ML algorithms in predict-
ing maize yields from different cropping systems under 
two agro-ecological regions, and (c) evaluate the best ML 
algorithm for modelling the performance of CA-based 
cropping systems.

2  Materials and methods

2.1  Description of cropping systems simulated

Conservation agriculture-based maize-legume cropping 
systems were tested for seven years in five countries of the 
ESA region, namely Ethiopia, Kenya, Tanzania, Malawi and 
Mozambique. The maize-legume combinations included 
sole, intercropping and rotation systems where common 
bean (Phaseolus vulgaris (L.)), cowpea (Vigna unguiculata 
(L.) Walp), desmodium, groundnut (Arachis hypogaea L.), 
pigeon pea (Cajanus cajan (L.) Millsp) and soybean (Gly-
cine max (L.) Merr.) were the legume species grown. The 
CA systems tested included planting basins, dibble stick, 
ripping and permanent ridges. The conventional plough-
ing system was used as the control treatment in all years 
at all sites. The experiments have been described in detail 
[28, 29, 32, 35, 39]. Table 1 summarizes experimental treat-
ments and cropping systems used over the 7-year period 
of experimentation. The location and rainfall ranges of 
study countries in Eastern and Southern Africa are shown 
in Fig. 1.

2.2  Creation of a validation data set and test 
harness

Cross-validation (rotation estimation) or out-of-sample 
testing is a model validation technique or procedure for 
assessing how the results of an algorithm or statistical 
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analysis will generalize to an independent data set [19]. 
Maize yield data collected over seven years from multi-
country and multi-site were used in this ML study. From 
this dataset, 80% of it was used for training the selected 
algorithms and 20% was used to validate the trained ML 
tools. The algorithms were given a set of known maize 
yield data on which training was run (training the data-
set), and a dataset of unknown data (or first seen data) 
against which the algorithms were tested (called the vali-
dation dataset or testing set). Cross-validation was used to 
test the algorithms’ ability to predict new data that were 
not part of estimating it, in order to flag problems such 
as overfitting or selection bias [12] and to give an insight 
on how the algorithms will generalize to an independent 
dataset (an unknown dataset).

A tenfold cross-validation was used to estimate accu-
racy. The procedure separated the data set into 10 parts, 
train and test on 1, and the procedure was repeated for all 
the combinations of train–test splits. The metric of accu-
racy was used to evaluate the algorithms. This was a ratio 
of the number of correctly predicted instances divided by 
the total number of instances in the data set multiplied by 
100 to give a percentage. Scoring variable was used to run, 
build and evaluate each model next [2].

2.3  Building algorithms

The data were labelled or classified into two agro-ecol-
ogies (highlands and lowlands), and this suggested the 

implementation of supervised linear and nonlinear class 
of ML algorithms [51]. The algorithms selected were lin-
ear algorithms (logistic regression (LR)) and linear dis-
criminant analysis (LDA) as well as nonlinear algorithms 
[K-nearest neighbour (KNN), classification and regression 
trees (CART), Gaussian naive Bayes (NB) and support vec-
tor machine (SVM)]. The main analysis was done in Python 
version 3 using the sklearn package, and the plots were 
done in R version 3.6.1 using the ggplot2 package. The 
algorithm codes used are given in supplementary Table 1.

Six algorithms, which are divided into two major classes, 
linear and nonlinear, were selected. This was a good mixture 
of simple linear (LR and LDA) and nonlinear (KNN, CART, NB 
and SVM) algorithms. The random number seed was main-
tained at initial state before each run to ensure that the 
evaluation of each algorithm was performed using the same 
data splits. It ensured the results were directly comparable.

2.3.1  Description of the algorithms

(a) Linear Algorithms
1. Logistic Regression (LR)

Logistic regression algorithm in ML was borrowed from 
the general logistic regression model in statistics [26]. In 
modelling yield from cropping systems based on agro-
ecology (highlands and lowlands), the logistic function 
was evaluated as follows:

(1)P(agroecologyhighlands = highlands|cropping systems (conventional,CA sole,CA intercrop and CA rotation)

(2)P(agroecologylowlands) = lowlands|cropping systems (conventional,CA sole,CA intercrop and CA rotation)

Table 1  Conservation agriculture-based tillage techniques, cropping systems and legume species used in different project locations (2010–
2017)

Country Agro-ecology CA tillage method Conventional 
cropping sys-
tems

CA cropping systems Legumes grown

Ethiopia Highland (> 1670 m),
Lowland (< 1500 m)

Ox-drawn ripper Sole Sole, intercropping, 
rotation

Common bean, cowpea, 
soybean

Kenya Highland (> 1420 m), 
Lowland

(990–1380 m)

Zero tillage, hand hoed 
furrow and ridges

Sole Sole, intercropping Common bean, pigeon 
pea, desmodium

Malawi Highland (> 1150 m), 
Lowland

(600 m)

Planting basins, dibble 
stick

Sole Sole, intercropping, 
rotation

Cowpea, groundnut, 
soybean, pigeon pea

Mozambique Highland (> 1220 m), 
Lowland

(750 m)

Jab-planter Sole Sole, intercropping, 
rotation

Common bean, cowpea

Tanzania Lowland
(506 m)

Jab-planter Sole Intercropping Pigeon pea
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In this case, we were modelling the probability that an 
input (X) (yield of four different cropping systems) belongs to 
the class (Y = 1(highlands) , and we can write this formally as:

Logistic regression algorithm (LR) was used as a classi-
fication method (linear method), but the predictions were 
transformed using the logistic function [26]. The function 
can be stated as follows:

(3)P(X ) = P(Y = 1|X ). 2. Linear discriminant analysis (LDA)

 LDA makes predictions by estimating the probability 
that a new set of inputs belongs to each class. The class 
that gets the highest probability is the output class, and 
a prediction is made. The model uses Bayes theorem to 

(4)p(X ) = e
�0+�1∗X

1+e�0+�1∗X .

Fig. 1  Location and rainfall ranges of trial sites in the different project countries between 2010 and 2016
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estimate the probabilities [42]. Briefly, Bayes’ theorem 
can be used to estimate the probability of the output 
class [k (agro-ecology)] given the input x [(cropping sys-
tems)] using the probability of each class and the prob-
ability of the data belonging to each class:

where PIk refers to the base probability of each class (k) 
observed in the training data (e.g. 0.5 for a 50–50 split in 
a two-class problem). In Bayes’ theorem, this is called the 
prior probability.

The f(x) above is the estimated probability of x belong-
ing to the class. A Gaussian distribution function is used 
for f(x). Plugging the Gaussian distribution function into 
Eq. 6 leads to Eq. 7. This is called a discriminate function, 
and the class is calculated as having the largest value will 
be the output classification (y):

Dk(x) is the discriminate function for class k given 
input x, the muk, sigma^2 and PIk are all estimated from 
the data.

(b) (b) Nonlinear algorithms
  K-Nearest neighbour (KNN)

 KNN makes predictions using the training dataset 
directly. Predictions are made for a new instance (x) by 
searching through the entire training data set for the K 
most similar instances (the neighbours) and summariz-
ing the output variable for those K instances [46]. For 
regression, this might be the mean output variable, and 
in classification, this might be the mode (or most com-
mon) class value. To determine which of the K instances in 
the training dataset are most similar to a new input, a dis-
tance measure is used. For real-valued input variables, the 
most popular distance measure is the Euclidean distance 
[34]. Euclidean distance is calculated as the square root of 
the sum of the squared differences between a new point 
(x) and an existing point (xi) across all input attributes.

(c) Classification and Regression Trees (CART)

 Classification and regression tree (CART) is a predictive 
algorithm used in machine learning. It explains how a tar-
get variable’s values can be predicted based on other values. 

(5)P(Y = x|X = x) = (PIk ∗ fk(x))∕sum(PIl ∗ fl(x)),

(6)PIk = nk∕n

(7)
Dk(x) = x ∗ (muk∕siga2) − (muk2∕(2 ∗ sigma2)) + ln(PIk)

(8)EuclideanDistance(x, xi) =
√

(sum((xj , xij)
2))

The CART algorithm is an important decision tree algorithm 
that lies at the foundation of ML. Moreover, it is also the 
basis for other powerful ML algorithms like bagged decision 
trees, random forest and boosted decision trees [8].

3. Gaussian Naive Bayes (NB)

It is a probability ML algorithm which is used in multiple 
classification tasks [4]. Bayes rule determines the proba-
bility of Z (cropping systems) over given W(Agroecology) . 
Now when it comes to the independent feature, the 
naive Bayes algorithm becomes a better choice. The 
algorithm is called naive because it considers Ws are 
independent of one another. In the case of multiple Z 
variables, we will assume that Z ′s are independent. The 
Bayes rule will be

K is a class of W. The naive Bayes will be:

which we can say:

4. Support Vector Machine Algorithm

A support vector machine (SVM) is a classifier that 
is defined using a separating hyperplane between the 
classes (highland and lowland). This hyperplane is the 
N-dimensional version of a line. Given the labelled train-
ing data and the binary classification problem [23], the 
SVM finds the optimal hyperplane that separates the 
training data set into two classes. This can easily be 
extended to the problem with N classes. In the study, 
two-dimensional case with two classes of points was 
considered. Given the 2D, the points were dealt with in 
a 2D plane. This was easier to visualize then vectors and 
hyperplanes in a high-dimensional space.

2.4  Selection of the best algorithms

The six algorithms estimation and accuracy were evalu-
ated in order to select the most accurate one. A population 
of accuracy measures were obtained for each algorithm as 
they were evaluated 10 times (tenfold cross-validation). 

(9)P(W = k|Z) = P(Z|W = k) ∗ P(W = k)∕P(Z)

(10)

P(W = k|Z1… .Zn) = P(Z1|W = k) ∗ P(Z2|W = k)⋯ ∗

P(Zn|W = k) ∗ P(W = k)∕P(Z1) ∗ P(Z2)… . ∗ P(Zn)

(11)

P(Outcome | Evidence) =Likelihood probability of evidence

* prior / Evidence probability
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Two major statistics, accuracy and kappa statistic, for 
selecting the best algorithm were traced.

2.4.1  Accuracy

The set of data points is said to be precise if the values are 
close to each other, while the set is regarded as accurate if 
its average is close to the true value of the quantity being 
measured [34]. In the first more common definition above, 
the two concepts are independent of each other, so a par-
ticular data set is said to be either accurate or precise, or 
both, or neither.

2.4.2  Cohen’s Kappa statistic

Cohen’s kappa statistic measures inter-rater reliability 
(sometimes called inter-observer agreement). The kappa 
statistic varies from 0 to 1, where.

(a) 0 = agreement equivalent to chance.
(b) 0.1–0.20 = slight agreement.
(c) 0.21–0.40 = fair agreement.
(d) 0.41–0.60 = moderate agreement.
(e) 0.61–0.80 = substantial agreement.
(f ) 0.81–0.99 = near perfect agreement
(g) 1 = perfect agreement.

2.5  Predictions

This was used as an independent final check on the accu-
racy of the ideal model. It was valuable to keep a valida-
tion set just in case of making a slip during training, such 
as overfitting to the training set or a data leak. Both may 
result in an overly optimistic result [20]. The best algorithm 

was run directly on the validation data set and summarizes 
the results as a final accuracy score, a confusion matrix and 
a classification report. The accuracy of the algorithm was 
investigated, with a value of above 60% regarded as ‘good’, 
an indication of the three errors made. Finally, the clas-
sification report provided a breakdown of each class by 
precision, recall, f1-score and support, showing excellent 
results (granted the validation dataset was small).

A confusion matrix is a figure or a table that was used 
to describe the performance of a classifier [24]. It was 
extracted from a test dataset for which the ground truth 
was known. Each class was compared with every other 
class and investigated how many samples were misclassi-
fied. The agro-ecology was considered as a binary classifi-
cation case with the output 0 (lowlands) and 1 (highlands). 
The performance of a classifier was investigated using the 
confusion matrix. Classifier report was presented in matrix 
form; the first diagonal entries represent true positives 
(the samples for which the algorithm predicted 1 as the 
output and the ground truth was 1 too) and true nega-
tives, respectively, the samples for which the algorithms 
predicted 0 as the output and the ground truth was 0 too.

• True positives These were the samples for which the 
algorithm predicted 1 as the output and the ground 
truth was 1 too.

• True negatives These were the samples for which the 
algorithms predicted 0 as the output and the ground 
truth was 0 too.

• False positives These were the samples for which the 
algorithms predicted 1 as the output, but the ground 
truth was 0. This is also known as a Type I error.

• False negatives These were the samples for which the 
algorithms predicted 0 as the output, but the ground 
truth was 1. This is also known as a Type II error.

Table 2  Descriptive statistics for the effects of different cropping systems on maize grain yield (kg  ha−1) under highlands and lowlands of 
ESA

CA_sole: Conservation agriculture sole maize cropping, CA_inter: conservation agriculture maize-legume intercropping, CA_rot: conserva-
tion agriculture maize-legume rotation, Conv: conventional practice

Agro-ecology Cropping system N Mean yield SD Median yield Trimmed Min Max Skew Kurtosis

Highlands Conv 257 2509 1819 2220 2332 107 9000 0.90 0.67
CA_sole 257 3655 1847 3603 3568 148 8931 0.41 − 0.26
CA_inter 257 2755 2092 2133 2484 110 8900 1.04 0.48
CA_rot 257 3545 1976 3315 3453 199 8774 0.38 − 0.61

Lowlands Conv 257 2421 1650 2167 2271 110 8815 0.88 0.7
CA_sole 257 3072 1695 2736 2918 232 8819 0.88 0.45
CA_inter 257 3062 1669 2867 2943 120 7910 0.62 − 0.13
CA_rot 257 3209 1827 2896 3065 280 8586 0.67 0.04
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3  Results

3.1  Performance of different cropping systems 
in lowlands and highlands

The effects of different cropping systems on maize grain 
yield are summarized in Table 2. In highlands, CA-sole, 
CA-intercrop and CA-rotation had 3 655, 2 755 and 3 
545 kg ha−1 maize yield than 2 509 kg ha−1 from the con-
ventional practice. In the lowlands, CA-sole, CA-intercrop 
and CA-rotation had 2 421, 3 062 and 3 209 kg ha−1 com-
pared with 2 421 kg ha−1 of the conventional practice.

Mean differences of cropping systems were assessed 
using the t test (Table 3). Conventional systems’ yield 
in both agro-ecologies was insignificant (P = 0.567). 
The mean yield difference of CA-rotation and CA-sole 
was significant (P = 0.000 and P = 0.046, respectively) as 
the cropping systems performed better in high-rain-
fall areas compared to the lowland areas. The results 
also indicated that CA intercrop performed better in 
lowlands than highlands as the mean difference was 
negative and the probability value was not significant 
(P = 0.067).

Table 3  Maize yield differences from different cropping systems in highlands and lowlands of ESA

NB: CA_sole: Conservation agriculture sole maize cropping, CA_inter: conservation agriculture maize-legume intercropping. CA_rot: Conser-
vation agriculture maize-legume rotation. Conv: Conventional agriculture

Cropping system Mean maize yield
(kg  ha−1)

Mean Diff (kg  ha−1) DF t P value 95% confidence interval

Highlands Lowlands Lower Upper

Conv 2509 2421 87.766 507.17 0.57285 0.567ns −213.238 388.7699
CA_sole 3655 3072 582.175 508.23 3.723 0.000*** 274.9612 889.3895
CA_inter 2755 3062 − 306.874 487.94 − 1.8386 0.067 −634.811 21.06287
CA_rot 3545 3209 335.778 508.88 2.0006 0.046* 6.040142 665.5147

Fig. 2  Prediction of maize yields in different cropping systems in 
the highlands and lowlands of ESA. CA_sole: Conservation agricul-
ture sole maize cropping, CA_inter: conservation agriculture maize-

legume intercropping, CA_rot: conservation agriculture maize-leg-
ume rotation, Conv: conventional practice
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3.2  Maize yield prediction by linear and nonlinear 
algorithms

The regression classification tree was used to extract more 
information about which cropping system was predicted 
to yield better in both agro-ecologies (Fig. 2). Cropping 
systems were categorized into 17 nodes with respect to 
agro-ecologies. In node 1, most of the CA intercrop yields 
were predicted to be from highlands compared to the 
lowlands. Conservation agriculture with sole maize (CA-
sole) was categorized in node 6 which was further divided 
into node 7 and node 8 (n = 44 and n = 7, respectively), and 
most of the yields were classified under highlands in node 
7. However, 60% of the predicted yields under node 8 were 
classified as lowland yields. Conservation agriculture with 
(CA-rotation) was classified at node 17 which was split into 
node 17 with most of the predicted yields (65%) identified 
as lowland yields. The conventional system had most of 
its predicted yield classified as from the lowlands (60%) 
compared to the highlands. Overall, the regression tree 
classification model managed to allocate the predicted 
yields to their respective agro-ecologies.

3.3  Prediction power of algorithms in predicting 
maize yield

Linear discriminant algorithm (LDA) had the highest pre-
diction power compared to the other algorithms (Fig. 3). 
The naïve Bayes and logistic regression algorithms had 
similar prediction power. The KNN and CART had the low-
est accuracy compared with the other algorithms, while 
the SVM algorithm had the lowest prediction power. In 
general, the linear algorithms performed better in predict-
ing maize yield under different cropping systems (LDA and 
LR) than the nonlinear tools. For the nonlinear algorithms, 
the naïve Bayes (NB), which is a parametric model, was 

better than the regression tree algorithm (CART) and 
neighbour classifier (KNN).

3.4  Accuracy and precision of different algorithms 
in predicting maize yield

The algorithms accuracy was further investigated using 
the accuracy statistic and the Cohen kappa statistic 
which measures the reliability of the prediction power 
(Table 4). The accuracy confirmed the trend observed in 

Fig. 3  Comparison of linear 
and nonlinear algorithms in 
predicting maize yield across 
four cropping systems in 
ESA. LR = Logistic regression 
algorithm, LDA = linear dis-
criminant analysis algorithm, 
kNN = neighbour classifier 
algorithm, CART = regression 
tree algorithm, NB = naïve 
Bayes algorithm and 
SVM = support vector machine 
algorithm

Table 4  Algorithms evaluation based on accuracy and kappa statis-
tic

LR = Logistic regression algorithm, LDA = linear discriminant analy-
sis algorithm, KNN = neighbour classifier algorithm, CART = regres-
sion tree algorithm, NB = naïve Bayes algorithm and SVM = support 
vector machine algorithm

Algorithm Accuracy Kappa Statistic Rating

LR 0.58 (58%) 0.079 Good
LDA 0.61 (61%) 0.096 Very Good
KNN 0.54 (54%) 0.040 Fair
CART 0.54 (54%) 0.072 Fair
NB 0.59 (59%) 0.063 Good
SVM 0.42 (42%) 0.042 Poor

Table 5  Final algorithm accuracy for maize yield prediction under 
highlands and lowlands in ESA

Algorithm Final accuracy Precision Recall F1-score

LR 0.58 0.58 0.58 0.59
LDA 0.61 0.59 0.59 0.59
KNN 0.54 0.63 0.63 0.63
CART 0.54 0.51 0.51 0.51
NB 0.59 0.57 0.56 0.56
SVM 0.42 0.24 0.50 0.32
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Fig. 3. Linear discriminant algorithm had an accuracy of 
61% which was greater than all the other algorithms. Its 
corresponding kappa statistic suggested a fair accuracy 
as it was approximately equal to 0.1 and falls in the range 
0.1–0.2. The LR and NB algorithms also scored better 
accuracy, and their corresponding kappa statistics were 
approximately equal to 0.1. The KNN and CART had a fair 
performance which was better than the SVM. In gen-
eral, all the linear algorithms accurately predicted the 
maize yield from cropping systems with respect to agro-
ecologies. The nonlinear algorithms also performed well 
except the SVM algorithm which indicated an accuracy 
of less than 50%. The LR, LDA and NB recorded better 
final accuracy compared to the other algorithms (KNN, 
CART and SVM) (Table 5).

Randomness was used to facilitate the learning of algo-
rithms to be more robust and ultimately results in better 
predictions and more accurate models (Table 6). The LR, 
LDA and KNN had good final accuracy in the highlands. In 
lowlands, they were better with precisions increased for 
LR, LDA and KNN algorithms compared with the highlands. 
The CART and NB also had significant improvement in pre-
cision in lowlands compared to the SVM which had zero 
precision in lowlands.

The cross-validation percentages were increased to 
100%, and the accuracy of the algorithms was traced. An 
algorithm which gives better precision under the lowest 
percentage of cross-validation data set is considered good. 
Results in Fig. 4 showed the estimated accuracy trend of 
the six algorithms. When less than 25% of cross-validation 
data set was used, the LDA, LR and NB had an excellent 
accuracy power, and as the cross-validation increased, the 
accuracy of the three algorithms fluctuated between 50 
and 65%. As cross-validation was increased to 100%, some 
algorithms which were poor when only less than 25% was 
used for the cross-validation data set, started to give better 
accuracy. The corresponding kappa statistic of the algo-
rithm was improving significantly as the cross-validation 
data set improved to 90%, but when it reached 100%, it 

dropped significantly. The LDA, LR and NB maintained the 
same trend under the kappa statistic as they were showing 
better improvements under the kappa statistic compared 
to other algorithms.

Incorrect predictions were shown in the second diago-
nal entries (false positives or type one error and false nega-
tives, respectively, or type two error). Linear discriminant 
algorithm had 28 true positives and 33 true negatives, and 
the committed errors were less than the predicted truth. 
The KNN classified 30 true positives and 35 true negatives, 
and only 19 were classified as type one and two errors. 
The SVM identified only 49 true positives, and nothing 
was determined as true negatives. Logistic regression 
algorithm had 28 predictions recognized as true positives 
and the corresponding 32 predictions which were accu-
rately predicted as true negatives. Naïve Bayes algorithm 
accurately predicted 24 as true positives and 34 as true 
negatives with 25 false positives and 20 false negatives. 
The CART algorithm made 23 predictions which were rec-
ognized as true positives and 32 which were recognized 
as true negatives. However, the algorithm committed 
type one and type two errors in the prediction process 
as 26 predictions were false positives and 22 were false 

Table 6  Final accuracy score 
for maize yield prediction from 
highlands and lowlands in ESA

LR = Logistic regression algorithm, LDA = linear discriminant analysis algorithm, KNN = neighbour classi-
fier algorithm, CART = regression tree algorithm, NB = naïve Bayes algorithm and SVM = support vector 
machine algorithm

Algorithm Final accuracy Highlands Lowlands

precision Recall F1-score Precision Recall F1-score

LR 0.58 0.56 0.57 0.57 0.60 0.59 0.60
LDA 0.59 0.57 0.57 0.57 0.61 0.61 0.61
KNN 0.63 0.61 0.61 0.61 0.65 0.65 0.65
CART 0.51 0.49 0.45 0.47 0.53 0.57 0.55
NB 0.56 0.55 0.49 0.52 0.58 0.63 0.60
SVM 0.48 0.48 1.00 0.64 0.00 0.00 0.00

Table 7  Comparison of the 
different algorithms using the 
confusion matrix

LR = Logistic regression algo-
rithm, LDA = linear discriminant 
analysis algorithm, KNN = neigh-
bour classifier algorithm, 
CART = regression tree algo-
rithm, NB = naïve Bayes algo-
rithm and SVM = support vector 
machine algorithm

LDA KNN SVM

[[28 21]
[21 33]]

[[3θ 19]
[19 35]]

[[49 θ]
[54 θ]]

LR NB CART 
[[28 21]
[22 32]]

[[34 25]
[2θ 34]]

[[23 26]
[22 32]]
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negatives. In general, the highest number of correct pre-
dictions was recorded with LDA, KNN and LR algorithms 
(Table 7).

4  Discussion

4.1  Maize yield prediction by linear and nonlinear 
algorithms

Linear and nonlinear algorithms could predict maize yield 
from different cropping systems across the agro-ecologies, 
though with varying degrees of accuracy and precision. 
Yield distribution patterns showed the lack of normal-
ity across the two agro-ecologies. Picking the variability 
trends in the yield data is critical as it highlights the pres-
ence of issues that require attention when applying the 
ML prediction outputs. However, this prediction capabil-
ity of the algorithms indicates that the tools can be relied 
on to generate information that can be incorporated into 
future planning of cropping systems under the low and 
high potential agro-ecologies of ESA. Picking variability 
in yield could allow for future exploration of cropping sys-
tems effects on maize productivity under varying climatic 
scenarios in low and high potential parts of ESA [11]. The 
picked yield variability by the algorithms informs future 
designing, selection of appropriate sites and management 
practices suited to cropping systems that were tested in 
the reported study. Despite the presence of underlying 
issues in maize yield under the two agro-ecologies, the 

algorithms were capable of predicting the observed yield 
under such conditions, further highlighting their use-
fulness in generating information from big data sets for 
future decision making.

There is need for enough data to be subjected to analy-
sis to enable determination of the nature of the yield dis-
tribution. Positive or negative skewness is attributed to 
stochastic resource availability [16]. Resource available for 
crop growth and development has a notable impact on 
the degree of skewness of the yields. Similarly, resources 
differ on the degree of availability under different crop-
ping systems. Conservation agriculture and sustainable 
intensification-based practices improve resource avail-
ability for sufficient crop growth and development, thus 
affecting the skewness [17]. This therefore explains why 
CA-sole and CA-intercrop systems’ yield distribution was 
skewed to the right. On the contrary, conventional system-
based yields were skewed to the left, which is attributed 
to inadequate availability of resources.

Critical decisions requiring information need to be 
made at various levels for the benefit of smallholder 
farming systems in the ESA region. At farm level, a small-
holder farmer needs information to aid in selection of the 
cropping systems tested in this study under the prevail-
ing biophysical environments of low and high potential 
areas in the five countries where data were collected. 
This also entails appropriate planning on inputs required 
and additional support needed to maximize production 
in the selected cropping systems. For extension agents, 
the information generated aids in packaging of extension 

Fig. 4  Accuracy and precision of different algorithms in predicting 
maize yield as cross-validation is increased to 100%. LR = Logistic 
regression algorithm, LDA = linear discriminant analysis algorithm, 

KNN = neighbours classifier algorithm, CART = regression tree 
algorithm, NB = naïve Bayes algorithm and SVM = support vector 
machine algorithm
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messages to farmers under different agro-ecological con-
ditions of their extension domains. Similarly, for research 
agents, prediction output of the algorithms forms the 
foundation of future designs of cropping systems tailored 
for the conditions of low and high potential parts of ESA 
region. The private sector and funding agencies involved 
in the agri-food sector are informed on areas to focus on 
developing the smallholder agriculture sector in ESA and 
beyond. Crucially, policy makers in ESA countries get infor-
mation on necessary supportive systems that are required 
for the development and transformation of smallholder 
agriculture.

4.2  Prediction power of algorithms in simulating 
maize yield

Prediction performance of ML algorithms varies because 
each algorithm takes into consideration different aspects 
of the attributes being predicted [27]. The LDA was the 
best algorithm based on the overall rating. The LDA algo-
rithm works better with binary classifications [47], and 
this involved separation of maize yield data from different 
cropping systems into lowland and highland categories. 
Additionally, the LDA algorithm generates the boundary 
between classes using the training data input into the 
model [36]; hence, its predictions can be quite close to the 
observed data. Between the two linear algorithms, LDA 
outperformed LR. Chetty et al. [9] highlighted that LR is a 
good predictor in dichotomous classifications where only 
two attributes (e.g. cropping systems) are being compared, 
contrary to the four systems that were compared under 
each agro-ecology in our study. Additionally, LR algorithm 
assumes training data residuals are normally distributed 
and this was not the case in our study, hence the weaker 
prediction compared to LDA. Saritha et al. [41] mentioned 
that the efficiency of ML algorithms depends largely on 
the distribution of the training data used.

The SVM was the worst predictor of maize yields, and 
this can be attributed to its flexibility in taking as many 
parameters as possible in its formulation, resulting in low 
prediction accuracy [27]. Previous studies have shown that 
the SVM is a better predictor when more than two classi-
fiers are involved in the prediction [44]. Our study involved 
just two classifiers, either lowland or highland maize yield 
derived from the four cropping systems that acted as the 
attributes in the prediction exercise. The linear algorithms 
performed better in predicting maize yield under differ-
ent cropping systems (LDA and LR) than the nonlinear 
tools. This could be attributed to the fact that parametric 
algorithms such as LDA and LR are relatively restrictive in 
the parameters that they accommodate in the prediction 
process [14, 45]. This restriction could lead to better output 
compared to the non-restrictive nonlinear tools [41]. For 

the nonlinear algorithms, the naïve Bayes (NB), which is 
a parametric model, was better than the regression tree 
algorithm (CART) and neighbour classifier (KNN) which 
are nonparametric [14, 45]. This is largely attributed to 
the dynamics involving parametric and nonparametric-
based models. Restriction of parameters to pre-assumed 
values, which are mostly based on reality and experience, 
increases the likelihood of attaining realistic and outputs 
of high quality. Such assumptions may include following 
a normal distribution. In contrast, nonparametric tests 
do not make assumptions about the model parameters. 
The range of random inputs is of greater variation even 
to unrealistic values, thus leading to poor quality outputs 
[8, 33, 37].

4.3  Accuracy and precision of different algorithms 
in predicting maize yield

In general, a better algorithm is selected or determined 
in terms of its accuracy consistence. In most cases, bet-
ter algorithms must give good accuracy under less than 
25% of the cross-validation data set. Using less than 50% 
of the cross-validation data set justifies which algorithm 
must be used for maize yield prediction and give better 
precision and accuracy. Therefore, the LDA, LR and NB 
were better in giving accurate maize yield predictions. 
The LDA algorithm had high final accuracy in predicting 
maize yields (Table 4), and this can be attributed to the fact 
that the model uses training data to generate the bound-
ary between highland and lowland, which were the two 
classifiers used in the study. The prediction of yields from 
the four cropping systems under two agro-ecologies was 
more accurate compared to the other algorithms. Such 
performance result is consistent with observations made 
on the prediction power of the algorithms, which further 
reinforces the driving factors behind the capability of LDA 
in predicting yields in the study. As observed with the pre-
diction power assessment, the SVM algorithm performed 
poorly, and this further reinforces the fact that this tool is 
not suitable for yield predictions when only two classifiers 
are taken into consideration.

Based on the precision, F-score, recall and confusion 
matrix, KNN, which is nonparametric, performed better 
than the other algorithms. This is attributed to the use of 
nearest neighbours of the current vector as well as sam-
pling from the neighbours, thus ultimately increasing the 
performance and reliability of the algorithm. Such aspects 
improve prediction accuracy and reduce Type I and II 
errors [37]. This strength of KNN in other performance indi-
ces highlights its potential as a possible model for yield 
prediction under the conditions of the reported study. 
In addition to the indices widely used in these and other 
studies, there is need to evaluate the performance of the 
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KNN using multiple indices. Such indices may include sta-
tistical parameters such as root mean square error (RMSE), 
coefficient of determination (R2) and mean absolute error 
(MAE) [48]. Generally, the linear algorithms had better pre-
diction accuracy compared with the nonlinear models, a 
result which is consistent with yield prediction capability 
and power. However, the performance of linear and non-
linear algorithms using precision, F-score and recall varies, 
and this further highlights that selection of an appropriate 
algorithm for maize yield prediction needs to be based 
on more than one index. Additional performance indices 
include the integral of the absolute magnitude of the error 
(IAE) criterion, which assesses the stability of the system 
under consideration.

5  Conclusion

Machine learning algorithms could predict maize grain 
yields from conventional and CA-based cropping systems 
under lowlands and highlands of the ESA region. Linear 
algorithms (LDA and LR) predicted maize yield more 
closely to the observed yields compared with nonlinear 
tools (NB, KNN, CART and SVM) under the conditions of the 
reported study. However, the KNN algorithm was compa-
rable in its yield prediction to the linear tools tested in this 
study. Overall, the LDA algorithm was the best tool, and 
SVM was the worst algorithm in maize yield prediction. 
Evaluating the performance of different machine learning 
algorithms using different criteria is critical in order to get 
a more robust assessment of the tools before their applica-
tion in the agriculture sector. Additionally, comparison of 
the performance of the tested ML algorithms with mod-
elling tools commonly used is critical in order to further 
generate evidence of their applicability in agriculture.
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