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Abstract: Adverse climate change effects, specifically droughts, floods, and dry spells, neg-
atively affect agricultural production. The application of several machine learning methods 
assists with crop production prediction while factoring in these environmental variables. 
Machine learning is a crucial tool to ensure crop yield estimation, good agricultural plan-
ning practices, and effective decision-making, enabling better application of proposed inter-
ventions. Ecological intelligence signifies a paradigm shift toward balancing the competing 
goals of sustainability and productivity. This study aimed to demonstrate efficient agricultural 
productivity that addresses SDGs 12 (Responsible consumption and production), SDG 13  
(Climate action), and SDG 15 (Life on land). The study was carried out in Lilongwe and 
Dowa districts, Malawi, and compared single and dual crop yields of farmers cultivating the 
same crop on similar hectarage, and their respective crop value, profitability, and sustain-
ability. The study population comprised 62 (29.7%) male and 140 (70.3%) female farmers. 
A linear regression model analysis showed the importance and value of both crop yield and 
ecosystem resilience. The 80:20 train-test ratio split was used to produce good and effective 
output. Results showed that the dual crop yields of maize and beans were more profitable in 
comparison to both monocrop beans and maize plots. Male farmers had higher profits and 
yields than female farmers. These results show that sustainable practices can be incorporated 
into farming systems and could ensure both profitability and sustainability. However, future 
research will be done using intensive multiple-cropping and environmentally friendly meth-
ods that focus on consistent yields over an extended period.

Keywords: crop yield estimations; machine learning; productivity; small-scale farmers; 
sustainable agroecological practices; sustainable development goals

1. Introduction
The primary aim of most farmers, regardless of scale and enterprise, is to achieve 

high productivity. A farm’s efficiency is usually measured according to productivity 
and economic performance [1,2]. Production refers to the quantitative ratio of out-
puts to inputs of any planted crop in each area or field. Several studies have shown 
that there is a trade-off between high-productivity practices and sustainable practices 
[3–6]. This trade-off presents farmers with two choices: prioritize productivity, using 
intensive monocropping with chemical fertilisers and pesticides to achieve high 
yields, or use production methods that are more natural and focus on environmental 
regeneration and consistent yields over an extended period [7,8]. Choosing monetary 
gains over environmental responsibility makes farmers more susceptible to adverse 
climatic conditions and creates a gap in addressing some of the Sustainable Develop-
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ment Goals (SDGs) [4,9]. Systems that are driven by productivity often have adverse 
environmental effects such as biodiversity loss, reduced soil biota, soil degradation 
and erosion, greenhouse gas emissions, and water contamination [10–12]. 

For Sub-Saharan Africa (SSA) regions, a large percentage of the population 
depends on agriculture for food, livelihoods, and employment. SSA countries depend 
on maize as a staple crop, with over 40 million ha under maize cultivation [1,13–16].  
Most of these farmers are under-resourced and heavily affected by climate and envi-
ronmental disruptions, indicative of the need to adopt sustainable production methods 
[7,13,17,18]. Agricultural projections for Africa show that production must increase 
by 60% to 110% to feed the population by the year 2050 [5,18]. This places immense 
pressure on farmers to intensify their production systems [1,19]. 

About 60% of the agricultural land is utilised by 2.5 billion small-scale farmers 
(SSF) who usually own or have access to less than 2 hectares of land, and use rain-
fed subsistence farming practices based on limited inputs and have low bargaining 
power. Furthermore, they have limited financial resources and minimal market and 
climate information [20–22]. The regions with the highest number of SSF are Asia, 
India, and SSA [5,23,24]. This factor poses two interlinked problems; the populations 
are projected to rise in these regions, but this is also where climate vulnerability and 
food insecurity are rife [2]. Climate change directly affects agriculture, resulting in 
food shortages and reduced productivity, thus necessitating the adoption of resilient 
production methods. In SSA, 66% of the agrifood systems employment is occupied 
by women. Female farmers are much more likely to adopt climate-smart agricultural 
techniques. However, they face more challenges, such as limited access to inputs and 
technology, funding, land ownership, and information, than their male counterparts. 
Furthermore, women farmers are also more severely affected by climate disasters and 
food insecurity than male farmers [16,26–28]. Given ample support through policies 
and resources, women have the potential to be as productive as male farmers [26–28].

The food system, specifically food production, faces many challenges that have 
dire consequences for both people and the environment. The agricultural industrial 
revolution prioritised high-income gains at the expense of the environment. This 
has created a problem wherein a large portion of arable land has become depleted 
of both structure and fertility due to the overuse of chemical inputs in the pursuit 
of high yields. These practices are unsustainable, and in response, several coun-
tries have drafted various frameworks to guide the adoption and implementation of  
climate-resilient farming systems.

This research aims to showcase how precision agriculture’s predictive capa-
bilities can be used to inform decision-makers regarding adopting climate-smart 
agricultural techniques. The study presents how Malawi farmers navigate decisions 
regarding environmental preservation versus profitability. The study demonstrates 
efficient agricultural productivity that addresses SDGs 12 (Responsible consumption 
and production) by showing that sustainable agroecological techniques that mitigate 
against adverse climatic conditions, SDG 13 (Climate Action), can help farmers reach 
profitability without sacrificing the environment and thus improve SDG 15 (Life on 
land). Firstly, the literature review is presented. Secondly, the research design, mate-
rials, and methods are outlined. The third section presents the results and discussion. 
The final section gives the concluding remarks.
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2. Literature review

2.1. Transitioning small-scale farmers in Malawi towards sustainable 
practices

Since independence, 60 years ago, agriculture has played a central role in defin-
ing Malawian rural livelihoods [25,29]. These authors report that the sector employs 
over 85% of the rural population and contributes about 35% to 40% to the gross 
domestic product (GDP). Furthermore, they contribute over 90% to total export earn-
ings. Malawi’s agricultural sector is dominated by smallholder farmers who live in 
rural areas and cultivate low-input rain-fed systems on an average of 0.7 ha of land 
[25,30]. However, the country’s economy depends largely on how its smallholder 
farmers perform. Smallholder farmers account for over 75% of food consumed in 
Malawi [31]. The rainfall pattern and access to farm inputs largely determine the food 
security and livelihoods of most of the population [29,32]. Maize is the primary crop 
in Malawi, where SSF rely on single-crop farming (Figure 1) for food security, leav-
ing them vulnerable to climate change effects. Smallholder farmers consume 60% of 
the field that they cultivate [32,33]. 

Agriculture relies on diverse natural resources to enhance and ensure productiv-
ity; however, ongoing climate change shocks and instability threaten and undermine 
their viability. Malawi co-signed the United Nations Framework Convention on Cli-
mate Change (UNFCCC). The UNFCCC, an entity of the United Nations, is commis-
sioned to support the global response to Climate change. Malawi drafted its National 
Climate Change Framework Policy (NCCMP) to align with UNFCCC and guide 
national actions to mitigate anthropogenic interference with climatic systems. The 
overarching goal of the policy is “To promote climate change adaptation, mitigation, 
technology transfer and capacity building for sustainable livelihoods through Green 
Economy measures for Malawi” [26]. Through this policy, Malawi aims to facilitate 
the adoption of production methods that are climate resilient. One of these meth-
ods is agroecology, which has a variety of practices that promote sustainable and 

Figure 1. Dowa small-scale maize farmer in Central District, Malawi (author’s own 
construct).
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resilient agricultural systems. Agroecology represents a holistic and interdisciplinary 
approach that integrates ecological principles and practices into agricultural systems 
[34–36]. Through its various practices such as intercropping, crop rotations, cover 
cropping, green manure, and reduced tillage, it underscores the importance of biodi-
versity, ecological processes, and local knowledge in enhancing productivity, resil-
ience, and sustainability [2,3,7,8,35].

Intercropping, one of the practices highlighted in this research, promotes a more 
diversified plant community, enabling complementary and facilitative relationships. 
However, in most cases, farmers still follow monocropping systems for various rea-
sons, including a lack of resources, technical training, and decision-making power 
[27,28]. The NCCMP aims to reduce the socio-economic and environmental vulner-
ability of farmers caused by climatic extremes [26] and thus needs to clearly outline 
and educate farmers about alternative methods that bolster environmental sustain-
ability whilst ensuring productivity.

Three of the SDGs, 12 (Responsible consumption and production), 13 (Climate 
action), and 15 (Life on land) are intrinsically linked to agricultural production and 
food systems [17,19]. The study aims to show that adopting agroecological prac-
tices and techniques such as dual cropping can improve a system’s resilience against 
climate change, lead to both profitability and sustainability, which will enhance the 
livelihoods of those living off the land.

Machine learning techniques are applied in various fields, such as predicting cus-
tomer phone usage and evaluating customer behaviour in supermarkets. Agriculture 
has been using machine learning for several years. One of the more difficult issues 
in precision agriculture is predicting crop yield, and numerous models have been put 
forth and proven effective thus far [38–41]. Several datasets must be used to solve 
this problem, since crop output is influenced by various variables, including soil, 
weather, fertilizer use, and seed variety [38,42]. This suggests that predicting agri-
cultural production involves many intricate procedures and is not a simple operation. 
Although crop yield prediction models nowadays are capable of accurately estimat-
ing the actual yield, improved yield prediction performance is still preferred [43,44].

2.2. Productivity vs. Sustainability: Results from small-scale farmer 
experiments

Several studies compared conventional farming techniques to agroecological 
farming techniques. Studies showed that intercropping legumes and maize resulted 
in desirable yields and improved soil structure and health, thus boosting the systems’ 
resilience. Intercropping, especially with legumes, is affordable for soil rehabilitation 
due to their nitrogen-fixing capabilities [13,45,46]. Study [12] focused on soil health 
and the various agroecological practices that lead to the restoration and maintenance 
of healthy soils. This is important as soil is a major determinant of crop nutrition 
and growth. However, it is increasingly being lost due to malpractice, reducing the 
amount of arable land. Others highlighted that fields planted under organic farming 
have lower yields than conventional fields. Nevertheless, organic fields gradually 
build up core organic matter and carbon, enhancing their ability to retain moisture 
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and withstand harsh climatic conditions [47,48]. Further emphasis was placed on the 
adoption of sustainable practices will require institutional support targeting farmer 
education, socio-economic interventions, and technology [48]. This evidence should 
prompt policymakers to be proactive in working with farmers to ensure that the SDGs 
related to agricultural production are met by farmers. 

A common finding was the time factor; it takes some time to see tangible environ-
mental benefits when using agroecological farming techniques. Because of the dam-
age to the ecology caused by constant and intensive application of chemical inputs, 
restoration takes time but offers an important balance between productivity and sus-
tainability. The most extensive study identified over a million SSF in China whose 
agricultural practices ensured both high yields and environmental sustainability [5]. 
The researchers developed a decision support software called Integrated Soil-Crop 
Management (ISSM) that identified strategies specific to the different agroecological 
zones where the participant farmers were located. This research was a collaborative 
process between researchers, extension officers, community engagement officials, 
policymakers, agribusiness, farmers, and funders, highlighting the need and strength 
of collaboration. The duration of the research allowed for learning, engagements, 
reiterations, and modifications of approaches until synergy was obtained in the proj-
ect. Such interventions are needed for the SSF groups [5].

3. Materials and methods
The study compared single and dual crop yield differences of farmers cultivat-

ing the same crop and hectarage, and their respective crop value, profitability, and 
sustainability. The study was carried out in Lilongwe and Dowa, Malawi (Figures 2 
and 3), and used a sample of 204 farmers who benefited from the Cultivate Project 
Farmers from 2020 to 2023. The distance between Dowa and Lilongwe is approxi-
mately 68 km, which is 40 min by car.

A key barrier to raising the agricultural output of these smallholder, maize-based 
farming systems in Malawi and other eastern African countries is poor and falling 
soil fertility. Through a “Risk Management Project,” which operated from 1998 to 
2004, smallholder farmers in central Malawi were introduced to a variety of yearly 
rotation or intercrop technologies. At an elevation of 1240 m above sea level, Dowa, 
Lilongwe District, is located inside the Kasungu mid-altitude plain at 13° 32′ S and 
33° 31′ E as shown in Figures 2 and 3. 95% of the land in the area is suited for agri-
culture, which dominates livelihood methods. However, as Chisepo’s population has 
grown, continual farming in nutrient-depleted fields has become the norm. Although 
maize is the most cultivated food crop, farmers sometimes cultivate other crops, such 
as regional types of common beans [30].

A linear regression model analysis was used to show the importance and value 
of both crop yield and ecosystem resilience. It applied cutting-edge machine learning 
and precision farming by drawing on multiple factors, such as crop yield predic-
tion based on historical data, soil conditions, and weather patterns, allowing farmers 
to plan better optimization of resource management. For comparing monocropping 



6

Journal of Environmental Law and Policy 2025, 5(3), 3591.

Figure 3. Distance between Dowa and Lilongwe on the Map (author’s own construct).

Figure 2. Map of Dowa and Lilongwe, Malawi (author’s own construct).

and intercropping techniques in terms of promoting productivity among smallholder 
farmers amid climate change shocks. 

3.1. Machine learning model
A machine learning model (random forest classifier, linear regression) was 

deployed to determine the crop selection, mean square error, and accuracy score to 
achieve the comparison of single and dual cropping. The 80:20 rule, which is train 
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train-test ratios split, was used to produce good and effective output. The 80:20% 
ratio has proven to be effective for machine learning models [49]. The study was 
conducted under the jurisdiction of the Centre of Ecological Intelligence (CEI) at 
The University of Johannesburg (UJ), which serves as the centralized project support 
Centre for SSF. The Python libraries used for the linear regression models are sklearn, 
StandardScaler, Scikit-learn, Numpy, Pandas, TensorFlow and Pytorch, and PyCaret.

Cultivation was implemented by a Malawian-based social enterprise organiza-
tion called Charis Farms and Invest, with financial support from Operation Blessing, 
which served as one of the Centre for Ecological Intelligence centres in Malawi under 
the supervision of Mr Chifuniro Kandaya. The study was both qualitative and quan-
titative, and multiple methods for data collection were employed. Questionnaires and 
interviews were conducted among 202 farmers from Dowa and Lilongwe. The survey 
aimed to assess the crop yield per acre using the traditional practice of monocrop-
ping among smallholder farmers. From this data, a project was designed. One of the 
interventions included the distribution of bean seeds to the farmers to enhance the 
adoption of intercropping. After four months, a mid-survey was conducted. The goal 
was to assess the change in perception towards intercropping, the adoption rate, and 
the experiences of the farmers. 

The study sought to analyse whether there were changes in crop yield per acre 
and income per household of the targeted farmers. The first data collection method 
for the study was focus group discussions. The main purpose of focus group research 
was to draw upon respondents’ attitudes, feelings, beliefs, experiences, and reac-
tions in a way that would not be feasible using other methods, such as observation, 
one-to-one interviewing, or questionnaire surveys. The process included collecting 
nonverbal information from the interaction and integrating it with verbal information 
from the conversation. The study identified farmers’ group committee members as 
participants in the focus group discussions. The second data collection methodology 
for this study was in-depth interviews. 202 farmers were interviewed before and after 
the project. The general interview guide approach was employed to ensure that the 
same general areas of information were collected from each farmer. 

Microsoft Excel was used for collecting, storing, and analysing the quantitative 
data. This included the number of kilograms produced by the farmers and the income 
generated. Every farmer signed consent forms designed by Charis Farms and Opera-
tion Blessing. The farmers accepted that their data would be used for publication and 
the media.

3.2. Crop prediction and data set
Machine learning techniques were used to predict crop yields using data from 

Lilongwe and Dowa. Four machine learning algorithms were employed. To obtain 
the most accurate crop prediction, these algorithms are also compared to find trends 
in the data, and it’s applied to crop prediction. In this study, machine learning is used 
to forecast the yields of the two most commonly grown crops, beans and maize, in 
Malawi’s Central District.
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Table 1. The data set import table sample.
Name 0
Gender 0
District 0
Household Size 2
Rainfed Size of the Land (Acres) 0
Baseline rainfed (Maize) Kgs/yield 550Kgs/Acre 0
Maize Inputs per Acre 0
Baseline Maize Revenue 0
Profit 0
Unnamed: 10 202
Training Received by all farmers 189
Inputs received 196
dtype: int64

Table 2. Data set sample after cleaning.

Dowa and Lilongwe provided data related to farming from SSF that were aggre-
gated by the Centre for Ecological Intelligence (CEI) Johannesburg. This data set 
consists of 204 SSF that cultivated both maize and beans, as shown in Table 1, and 
the sample of the data, as displayed in Table 2 below. 
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3.2.1. Data preprocessing
A linear regression model was used to model the dataset. The crop yield using the 

machine learning models, which included data pre-processing to ensure that the data-
set is clean, standardized, and suitable for training and testing the machine learning 
models. The dataset was loaded into a Panda DataFrame from a CSV file, which was 
then checked for any missing values. once the publicly accessible repositories have 
been searched for data. Data frames can be combined based on shared columns once 
the data cleaning procedure is finished. In order to keep all of the qualities on the SSF, 
normalization is also necessary. The item (crop), country, year, yield value, average 
rainfall, pesticides, and average temperature are anticipated to be the final aspects in 
the data frames. It was observed that certain features had missing values, represented 
as zeros. xi represents an individual value in a column.

x  represents the mean of the non-missing values in that column.
'
ix ​ represents the value after imputation.

For a column with missing values, mean imputation can be described with the 
following equation:

	 � (1)
	 � (2)
where:

	 x
N

x
j
N

j= (−∑1 3 3
1
††††††††††††††††††††††††††††††††††††††††††† . ))� (3)

N is the number of non-missing values in the column.
After splitting the data, the features were standardized to confirm that every 

attribute contributed equitably to the model’s performance. The sklearn library’s 
StandardScaler was used to modify the features of metrics, giving them a mean of 
zero and a standard deviation of one, making the data suitably ready for training 
the selected machine learning models. The formula for standardization is given in 
Equation (1).

	 sv ov m
sd

=
−

†††††††††††††††††††††††††††††††††††††††††††††††††††††††††††† .3 4( )� (4)

where:
sv = standardized value
ov = original value
m = mean
sd = standard deviation

3.2.2. Linear regression
R-squared (R^2) Score: 1.0
Mean Squared Error: 0.0007317073170731655
The study adopted three well-known performance evaluation metrics, which 

are mean absolute error, mean squared error, and root mean square error. The met-
rics were implemented to raise prediction rating accuracy. Root Mean Squared Error 
(RMSE) and Mean Absolute Error (MAE) are two commonly used metrics for eval-
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uating the performance of regression models.  RMSE and MAE complement each 
other, providing a comprehensive understanding of a model’s performance by high-
lighting different aspects of the prediction errors. It is often useful to report a com-
plete picture of the model’s accuracy and reliability (50).

Table 3 presents the performance evaluation metrics for the linear regression 
model in predicting maize and bean crops.

4. Results and discussion
The development of the model was with sklearn, Seaborn, matplotlib, and mat-

plotlib sklearn. ensemble. linear_model and Pre-processing by sklearn. preprocess-
ing, nltk, nltokenize, corpus. After cleaning and exploring the relationship between 
the features, the final data frame that contains all the features that will be used for the 
prediction process can be seen below in Figure 4. 

The Dowa and Lilongwe Central districts have a higher proportion of adult 
female farmers than adult male farmers [51]. Figure 4 of small-scale farmers in the 
Dowa and Lilongwe communities is 202 in population, and the males are 62 and 
females 140.

Figures 5–11 present the data representation for the density plot of the gender 
of male vs female, the density plot of house size, baseline rainfed maize, maize input 
cost per acre, the baseline for maize revenue, crop yield log, and profit.

Table 3. Performance evaluation metrics.
The Mean Absolute Error (MAE) 5.740665395622761e-16
Mean Squared Error (MSE) 5.772152965031794e-31
Root Mean Squared Error (RMSE) 7.597468634375395e-16

Figure 4. Number of small-scale farmers in Dowa and Lilongwe District by gender.
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Figure 5. Density plot by gender.

Figure 6. Density plot by household size.

Figure 7. Baseline rainfed maize.
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Figure 8. Maize input cost/acre.

Figure 9. Baseline for maize revenue.

Figure 10. Crop yield log.
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The two regions had a higher rate of women farmers than male farmers. How-
ever, the yields and profits made by the female farmers were less than those of their 
male counterparts due to a myriad of challenges. Female farmers have limited access 
to credit, inputs and resources, technical and extension services [16,52]. Further-
more, they have limited control over the land which they cultivate [25,53,54]. Such 
factors limit these farmers’ decision-making powers, impacting their ability to plan 
and utilize the farmland as they see appropriate. Research shows that an investment 
in women farmers can drastically improve their profitability [27,28]. The monocrop 
maize plots had the lowest yield compared to the monocrop bean and the dual crop 
system. This can be attributed to the fact that maize is a heavy feeder, and contin-
uous planting on an already nutrient-low soil without any rehabilitative measures 
is not sustainable [4,7]. Such practices negatively impact environmental resilience 
and further compound the economic vulnerability of the farmers. The plots sown for 
beans were three times higher than the maize yields. Beans are part of the legume 
family and have soil-building characteristics. Legumes have beneficial effects on the 
soil’s physical, biological, and chemical structures. They enhance the soil’s ability 
to adsorb nitrogen and make it available to plants [11,55]. This explains why the 
field planned with both maize and beans outperformed the other fields. The legumes 
created a nutrient-rich environment for the maize and increased water availability by 
acting as a ground cover, thus reducing evapotranspiration. whilst the maize offered 
a support structure for the beans to grow [7]. Furthermore, the mixed crop technique 
reduced the prevalence of pests and diseases, further minimizing the application of 
chemical pesticides due to the disruption of the pest cycle. This technique enhances 
pest management, thereby reducing the need for pest control and pest application, 
and invariably increases profitability [56]. 

Figure 12 shows how well the dataset is being trained using a correlation matrix.
Figure 13 presents the real-world data collected from farming activities and the 

linear regression model forecast estimating future crop yield profitability. The pre-
dicted total profitability is simply the sum of the individual crop profits, indicating 
that the actual and the predicted profits align in mixed crop scenarios, as shown below.

Particularly in affluent nations, solo crop systems have gradually supplanted 
mixed cropping. While mixed cropping has several benefits, including yield stabil-

Figure 11. Baseline rainfed maize profit.
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Figure 12. Correlation matrix as a heat map.

Figure 13. Visualization of actual value vs. predicted values of crop yield profitability.

ity and efficient use of resources, there are drawbacks, including competition and 
weed control. Mixed cropping techniques are beneficial for both profitability and 
sustainability in managing agricultural input and crop yield [57–59]. Figure 14  
compares the total profit for mixed crops against a single crop. Mixed crop (maize 
and beans) yield has the highest profitability at 46,234,500, while the maize sin-
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gle crop gave the least profitability value of 8,932,500, against the beans single 
crop profitability value of 37,302,000. Mixed cropping systems improve soil 
health through symbiotic relationships among crops. Adopting sustainable methods 
through mixed cropping will facilitate sustainable production, which will help to 
increase food security and alleviate poverty by enabling more resilient profitability 
and productive agricultural systems. 

The results demonstrate that mixed cropping aligns more closely with sustain-
ability than single cropping. Selecting complementary crops, managing soil health, 
using integrated pest management, and optimizing resource use will improve yields 
and profitability and will be environmentally sensitive. Therefore, sustainable agri-
culture has the potential to directly support several SDGs set forth by the United 
Nations for 2030, such as SDG 12 on responsible consumption and production, SDG 
13 on Climate Action, and SDG 15 on life on land [60–67]. The practical and theo-
retical implications are evident in the results shown in Figures 6–12. Results showed 
that the dual crop yields of the two most grown crops, viz., maize and beans, were 
more profitable in comparison to both monocrop beans and maize plots. Male farmers 
had higher profits and yields than female farmers. These results show that sustainable 
and focused practices can be incorporated into farming systems and could ensure 
both profitability and sustainability. 

5. Conclusion
The study outlined the challenges faced by SSF when balancing sustainability 

and productivity. The literature clearly shows that there is a trade-off between produc-
tivity and sustainability. SSFs are dependent on their operations for their livelihoods; 
thus, they are more inclined to choose practices that ensure a high monetary return. 
However, these kinds of practices are unable to compete when faced with adverse cli-
matic occurrences. With growing populations that need to be fed, food insecurity that 

Figure 14. Profit comparison of mixed crop vs. single crop.
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keeps rising, and climate change that disrupts and threatens agricultural production, it 
is in the best interest of policymakers to invest in educational programs and leverage 
technology adaptations for small-scale farmers. The policies drafted by countries to 
align with global climate change mitigation plans highlight agriculture as a key sec-
tor directly affected by climate change and should thus clearly outline easily imple-
mentable guidelines that farmers can adopt and offer incentives for their adoption. 
Further attention should be given to gender differences in productivity and profitabil-
ity. Women farmers are more likely to adopt climate-smart agriculture; however, they 
need support structures in place to achieve this. Evidence shows that agroecological 
systems can deliver both profitability and sustainability. Practices such as intercrop-
ping with legumes in the case of maize, a staple in African countries, have enabled 
both profitability, good soil health, and fertility. Another leverage point is the use of 
precision agriculture, such as machine learning. Machine learning model assists in 
predicting yields as well as resource usage and disease prediction, which can save time 
and money for farmers. These results will help inform farmers and policymakers about 
high-risk prediction and daily decision-making for achieving sustainable agricultural 
development practices. Therefore, balancing profitability and sustainability in dual 
and mixed cropping involves integrating ecological principles with economic strate-
gies and embracing SDGs 12, 13, and 15. With the adoption of innovative technolo-
gies, farmers can achieve a sustainable and profitable agricultural ecosystem. How-
ever, future research will be done using intensive multiple-cropping, environmentally 
friendly methods that focus on consistent yields over an extended period as more 
datasets are aggregated for comparison. Mixed cropping techniques are beneficial for 
both profitability and sustainability in managing agricultural inputs and crop yield.

6. Recommendation for future research 
To further compare the Dowa and Lilongwe Central Districts. Multiple cropping 

systems exist to fit the context, wherein they are most beneficial. Agroecosystems are 
multifunctional and fare better against climate variables. Thus, a more methodical 
and quantitative evaluation needs to be introduced to include the beneficial environ-
mental services that are part and parcel of these systems. Further analysis to demon-
strate Machine Learning crop yield predictions using three-year data of farmers in 
Malawi, once the availability of more robust data is collated. Getting historical data 
will enhance accurate forecasting for crop profitability.
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