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ABSTRACT ARTICLE HISTORY

Implementation of agroecological innovations tends to be long-term processes, with ~ Received 11 September 2025
. . . . Accepted 11 May 2026

the practices of one year often linked to those of previous years. However, previous

studies have focused on understanding drivers of adoption at farm level, with adoption KEYWORDS

measured at a point in time. In this study, we use a decade of panel data from the Agroecology; sustainable

Permanent Agricultural Survey in Burkina Faso from 2010 to 2020 and machine learning ~ agriculture; climate change;

approaches, to model adoption rates of agroecological innovations at the provincial time series; prediction;

level as an autoregressive process. This modeling approach allows us to exploit the time ~ recurrent artificial neural

series nature of our dataset to forecast future adoption rates. Our results showcase the network

potential of machine learning algorithms to improve the forecasting of agroecology

adoption rates and provide a model that can be used as a base for proposing

interventions to support the adoption of agroecological innovations. The LSTM

model reached a R* of 75% compared to 27% for the ARIMA family baseline model.

The framework we proposed allows the identification of priority areas for targeted

interventions and provides a foundation on which future studies can be built to predict

and track agroecology adoption rates over time.

1. Introduction

Agroecology is gaining recognition among various agricultural development stakeholders as a promising
solution to the ongoing challenges of food insecurity and ecosystem degradation (IPES-Food, 2016; Tilman
& Clark, 2014; Watson et al., 2019). The transition to agroecology is increasingly seen as a key strategy for
ensuring sustainable agricultural development, particularly in the face of food insecurity, biodiversity loss,
and soil degradation. Agroecological innovations are being increasingly promoted in many Sub-Saharan
African countries as a response to the challenges posed by current climate variability (Haggar et al., 2020;
IPES-Food, 2020). However, despite its potential benefits, the large-scale adoption of agroecological
innovations remains slow and heterogeneous across regions and countries. This variation is driven by
multiple factors, including farmers' socio-economic conditions, access to information and resources, policy
incentives, and environmental constraints. In this context, assessing dynamics and trends in agroecology
adoption is particularly relevant for agricultural development actors such as policymakers and NGOs, as it
can provide valuable information necessary for supporting sustainable transitions in the agricultural sector.

Given the complexity of gathering up-to-date farm survey data, models of agroecological systems can
provide valuable information on future adoption trends. The value of these models is even greater in
underdeveloped countries, where there is very often a huge gap between the time of data collection and
the time when key indicators are made available (UNSD, 2018, 2022), making them quickly obsolete.
However, agroecological systems are difficult to model because of their high complexity and their nonlinear
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dynamic behaviour (Daniel et al., 2008). The evolution of such systems depends on a large number of ill-
defined processes that vary in time, and whose relationships are often highly non-linear and very often
unknown. The effects of the various stages of these processes ultimately combine to produce adoption
rates.

Research on innovation adoption generally distinguishes between behavioural models and diffusion or
rational-choice models (Montes de Oca Munguia et al., 2021). Behavioural models are grounded in
psychological theories such as the Theory of Planned Behaviour (Ajzen, 1991), which predicts adoption
using attitudinal, normative, and control-related factors. Because these constructs are latent, studies using
the Theory of Planned Behaviour typically rely on Structural Equation Modelling (Sarkar et al., 2021, 2022;
Tapsoba et al., 2022). Such models require detailed data on perceptions and intentions, which are not
available in our context. Diffusion and rational-choice theories, derived particularly from the Diffusion of
Innovations framework (Rogers, 1983, 2010), conceptualise adoption as the outcome of rational decision-
making shaped by information diffusion and perceived utility. This literature shows that cumulative
adoption often follows an S-shaped pattern, consistent with logistic growth processes. Consequently,
logistic family models and other econometric models have become widely used tools for analysing or
forecasting technology adoption in agriculture (Bianco et al., 2019; Gebru et al., 2021; Mabah Tene et al.,
2013; Mounirou, 2015).

Machine learning methods have recently extended these econometric approaches by offering flexible,
data-driven ways to model nonlinearity and temporal patterns. Logistic regression can be estimated in an
ML framework, and additional models such as neural networks, ensemble learning methods, and sequence
models like Long Short-Term Memory (LSTM) networks have been applied to predict agricultural innovation
adoption or diffusion trends (Coble et al., 2018; Gbemavo et al., 2024; Ifft et al., 2018; Mullainathan &
Spiess, 2017).

Machine Learning techniques can capture complex relationships, exploit hidden patterns, and adapt to
diverse data structures. This makes them particularly well-suited for predicting the adoption of agroeco-
logical innovations over time. However, while machine learning methods offer significant perspectives for
modelling agroecology adoption, there is a dearth of studies in this space (Nikiema et al., 2023). Further, to
the best of our knowledge, no study has analysed agroecological transitions from a time-series perspective.

The main contribution of this study is to propose a framework to exploit Long Short-Term Memory
(LSTM) and AutoRegressive Integrated Moving Average family models (AR, MA, and ARIMA), to obtain
plausible and timely forecasts of agroecology adoption rates for a given study area. The study uses this key
machine learning approach employed in forecasting studies (Khanna & Kaur, 2022; Qing & Niu, 2018; Siami-
Namini et al., 2018), discusses its strengths and limitations, and provides insights into how this method can
support evidence-based decision-making for sustainable agricultural transitions. The framework is illus-
trated with a case study of Burkina Faso, using a multi-year dataset of farming practices related to
agroecology. Based on past adoption rates, we forecast future adoption rates. The temporal data are
directional, which creates an asymmetry in the relationship among data points: the past can influence the
future, but not the reverse. We use this critical property to predict future changes (Cleland, 2002; Dornelas
et al,, 2013).

The article is organised as follows. The next section presents the methods and the data used. The third
section, presenting the results is followed by a discussion of the same. The final section concludes and
provides avenues for future research.

2. Methods and data
2.1. Study data and area

According to the agricultural module of the 5th general population and housing census, Burkina Faso has
2,577,939 million agricultural households, representing more than 73% of all households in the country
(INSD, 2023). There was a drop in the proportion of farming households compared with the 2006 census,
when the country had 81% farming households (MARAH, 2008), due to the abandonment of farming in
favour of gold mining and forced displacement as a result of terrorist attacks.
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The variables used in this study are derived from the Permanent Agricultural Surveys (EPA), compiled by
the Direction of Sectoral Statistics (DSS) of Burkina Faso's Ministry of Agriculture. The surveys were based on
stratified sampling at two levels (villages and households). The sampling frame is taken from the agricul-
tural module of the 2006 general population census. Excluding urban localities that are not focused on
agricultural practices, the survey databases included around 8,800 villages and their agricultural households
(MARAH, 2008). Thus, the villages in the EPA surveys are selected with a probability proportional to the
number of agricultural households. Two strata, large-scale producers and small-scale producers, are
established according to the production potential of farming households. Households in the selected
villages are then sampled by a simple random sampling (SAS) within these strata. For a given year, the list of
households in a selected village is updated by enumerating all agricultural households in the village to
update the sampling frame from the point of view of households (MARAH, 2018b).

Data from 2010 to 2020 are taken into account for this study, representing an average of 4,735 farm households
per year, spread across the 45 provinces that make up the country's 13 regions. Subsequently, farm household
information is aggregated at the provincial level for future trend modelling purposes, as described in the next
subsection. Three climatic zones can be identified: the Sudanian zone with more than 900 mm of rainfall per year,
the Sudanian Saharien zone with rainfall between 600 and 900 mm per year; and the Saharien zone, with less than
600 mm of rainfall per year. Figure 1 provides an overview of the study area. The various climatic zones influence
the nature of precipitation, rainfall, evapotranspiration levels, soil type, and many other factors that determine
growing conditions in different regions and provinces.

2.2. Measuring agroecological adoption rates

Agroecology is a polysemous concept. As such, a multitude of definitions exist in the literature. However,
most definitions are unanimous on the fact that agroecology aims to promote sustainable production
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Figure 1. Geographical and climatic limits of the study area, presenting the 45 provinces of Burkina Faso and the climatic
regions to which they belong.
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methods. In the context of this study, we will consider a farm to have adopted agroecology if it combined
the following innovations: crop rotation or association, fallows or any techniques for recovering or
conserving water and soil (stone barriers, zai, filtering dikes, half-moons, embankments, grass strips, living
or dead hedges), organic fertilisation (organic manure or compost), local seeds, adapted ploughing and
sowing methods, and agroforestry (Barrios et al., 2020; Bezner Kerr et al., 2021). Thus, the various farms of
the study were classified into three groups: agroecological farms, mixed-practice farms, and conventional
farms (Nikiema et al., 2024), depending on whether they use sustainable, mixed or conventional practices.

The adoption rate of agroecological innovations for a given province and a given year was then obtained by
dividing the number of agroecological farms in the province by the total number of farms in the province. Once
this stage had been completed, our final database for training the time series models consisted of adoption rates
for the period 2010-2020 for the 45 provinces and the national level. Thus, by merging the 11-year rates for the 45
provinces and the national level, we obtained 506 observations for the modelling stage. Our empirical strategy is
built on the pooling (‘global modelling’) of short panel data, which leverages the cross-sectional dimension (46
entities) of the data to accumulate a total of 506 entity-year observations. This approach enables both our ARIMA
and LSTM models to leverage the combined temporal and cross-sectional variation, thereby expanding the
effective sample size and mitigating the overfitting risks that would arise if each province had too few data points
individually. Such pooling of short-T, large-N panels for dynamic forecasting is methodologically grounded
(Deléglise et al, 2021; Pesaran & Yang, 2024). Moreover, recent work on panel-based forecasting by Pesaran
et al. (2025) highlights that pooling across cross-section units often improves predictive accuracy and reduces
estimation uncertainty compared to forecasting each unit separately, especially under short T. We present a
summary of farm characteristics for the 2020 crop year in Table 1.

2.3. Algorithms used in data analysis

2.3.1. ARIMA family models
There are many variants of the ARIMA model, the general non-seasonal model being designated ARIMA (p,
d, q) and, as its name suggests, this model combines both the AR and MA models. To check the

Table 1. Descriptive characteristics of the farms.

Variables Proportion % * (Mode)
Land and water conservation practices

No 62,1 *
Stony ridge 15

Filter dike 1

Half moon 04

Zai 4,9

Soil bead 2,5

Grass strip 41

Dead/live hedge 8,7

Others 1,3

Main equipment

Basics (ploughs, seeders, hoes, etc.) 64,6 *
Draught animals 25,5

Motorised equipment and personal source of water 9,9

Organic manure

No 30,6

Yes 69,4 *
Type of input

Biological 15,9

Non-biological 84,1 *
Agroforestry practice

No 17,6

Yes 82,4 *
Use of local seeds

Non 258

Oui 74,2 *
Crop rotation practices

No 87,7 *
Yes 12,3

Crop Association practices

No 75,3 *

Yes 24,7
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performance of these models, we need to compare them with a basic model, known as the naive or
persistence model.

Persistence model: x;.1= x; (1

We assume that the rate at time t + 7 is best predicted by its value at time t.
AR(P): X =37 @ % X + & )
We assume that the rate at time t is best predicted by a combination of its latest values up to time t-p
MA(Q): X = u + 27:1 O * & + & 3)

We assume that the rate at time t is best predicted by a combination of the latest white noise up to time
t-g and the current white noise

ARIMA(p, d, Q): X =37, @ % Xi i+ 30, 6 % & + & (4)

The ARIMA model specification is obtained by integrating AR(p) and MA(q) after applying d-order
differentiation. The training mechanism for these different models follows a certain chronology, starting
with the basic model and ending with the general ARIMA model.

2.3.2. LSTM model

LSTM (Long Short-Term Memory) is a type of recurrent neural network (RNN) designed to handle long-

range dependencies in sequential data while avoiding the vanishing gradient problem. It achieves this

through a memory cell that selectively retains or forgets information using key mechanisms such as:
Forget gate: which decides which past information to discard based on the current input and previous

hidden state.

fe =0 (Wx; + Urhe_y + by) (5)

Input gate: which determines what new information should be added to the memory.

i = 0 (Wix; + Uy + b) ©)

Output gate: Controls what part of the memory should be passed to the next step as the hidden state.

or = 0 (Wox; + Upht—q + bo) (7)
Memory cell: This is the core of LSTM’s long-term memory. It stores information that can be carried forward

across many time steps.
The cell's candidate state is generated using activation tanh:

Et = tan h(VVCXt + UCht—1 + bC) (8)
The cell state is then updated by combining the old state and the candidate state.

G=FXGa+iXG 9)
Calculation of the hidden state (output of the LSTM unit):
The hidden state is calculated by applying the output gate to the updated cell state:

h; = oy X tan h(c) (10)
In this configuration,
X:: represents the input at time ¢
h: represents the hidden state at time t
¢ represents the state of the memory cell at time t
fi, iy , 0p: respectively represent forget, input and output gate
W, Wi, W,, W.: represent the weight matrices associated with the inputs
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Ur, Uy, Uy, U,: represent the weight matrices associated with the previous hidden states.
by, b;, b, b.: represent the biases.
o: represents the sigmoid function:

1
o) =
&) 1+ eX

(1mn

tanh: represents the hyperbolic activation function:

X _ p—X
tanh(x) = &€ (12)
eX + e
In this configuration, the various elements of the LSTM model are interlinked and play complementary
roles, from the input gate to the output gate.

2.3.3. Model settings

To train the models, we split the database into a training database and a test database. In contrast to
conventional machine learning models, where data can be easily divided into 80%-20%, for time series, we
use data from the last few years to test the quality of the forecasts, while the remainder is used for training,
as shown in Figure 2 below.

For the ARIMA family model configuration, we checked the number of lags to be included in the
differentiation process using Partial AutoCorrelation Function (PACF) and AutoCorrelation Function (ACF)
curves for the AR and MA models, respectively (see Figure 3). This enabled us to observe significant lags up
to order 46, probably indicating that the series follows a long memory process. Addionally, to assess the
stationarity of the time series and determine if the series exhibits constant statistical properties over time,
we applied the Augmented Dickey—Fuller (ADF) test.

start date end date

values

time
past » future

Figure 2. Preparing data for training and testing.
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Figure 3. Partial Autocorrelation and Autocorrelation plots.
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We configured the LSTM model with a 5-year sliding window as input (LOOK_BACK = 5) and two LSTM
layers containing 64 and 32 units, respectively. A 25% dropout layer follows the first LSTM layer, and batch
normalisation is applied after the second LSTM layer. The LSTM output is passed through a dense layer with
32 neurons using a ReLU activation function, followed by a 15% dropout layer and a single-neuron output
layer. Gaussian noise (standard deviation = 0.01) is applied to the input for regularisation. The model is
trained using the Adam optimiser (learning rate = 0.001) with mean squared error as the loss function, for
up to 500 epochs and a batch size of 30. Early stopping with a patience of 20 epochs allows us to identify
epoch 209 as the optimal stopping point, after which no further improvement in validation loss was
observed. ReduceLROnPlateau was also applied to adaptively adjust the learning rate. Together, these
strategies help to prevent overfitting and ensure robust generalisation across heterogeneous provinces.

All analyses and model development were conducted using Python (version 3.12) in the Google Colab
environment. ARIMA family models were implemented using the statsmodels package. The LSTM neural
network models were implemented with tensorflow and keras. Data preprocessing and handling were
performed using pandas and numpy, while visualisations were created with matplotlib. Model performance
metrics, such as mean squared error and R? were calculated using scikit-learn. All packages are publicly
available, and the Colab environment ensures reproducibility for users wishing to replicate the analyses.

3. Results
3.1. Descriptive statistics

We found that for 2020 agricultural season, over 60% of farms did not use soil and water conservation and
restoration methods. Three-quarters used local seeds, and almost 70% used organic manure to some
extent. Eight out of ten farms had at least 5 trees on their holdings, and over 70% of farms included
livestock. Only a quarter of farms combined or rotated crops, and 15% of farms mainly used organic inputs
to process their produce. More than half the farms had less than 5 ha, with low yields per hectare (1372.2 t/
ha on average for cereals) and an average number of 10 members per farm household. Table 1 below
summarises the essential statistics on the variables used to identify the agroecological or conventional
status of farms. Additional statistics are provided in Appendices (Table A1 and Table A2).

3.2. Trends in adoption rates

In summary, agroecological adoption rates range from 0 to 68% for the different provinces studied. The average
adoption rate is relatively low (12%), with over 50% of province-years having an adoption rate of less than 10%.
The standard deviation suggests a variation in adoption rates across the various provinces. A quarter of the
observations have an adoption rate below 3.2%, highlighting the prevalence of very low adoption rates. Overall,
the distribution appears to be right-skewed, with most observations concentrated at low adoption rates and a
few reaching higher levels. This suggests that while adoption remains limited in many cases, certain provinces
exhibit significantly higher uptake. Table 2 below provides a summary of the central statistics in our data set.

The analysis of agroecology adoption rates at the national level over the period 2010-2020 shows three
main phases. Between 2010 and 2015, adoption rates fell from 17% to 11%. From 2015 to 2017, there was a
slight increase of around 1%, followed by a drop of 3%, bringing rates down from 12% in 2018 to 9% in
2020. The general trend over the study period is downward. Figure 4 shows the evolution of national rates
from 2010 to 2020. However, as shown in Subsection 3.3.2, some provinces performed better than others
over the same period.

3.3. Model performances

We tested AR, MA, and ARIMA models for their explanatory simplicity. However, these models did not
deliver accurate forecasting results. Following the significance of the lag 46 provided by the PACF and ACF
curves and given that for p and g values below 46, the performance of the AR and MA models was inferior
to that obtained with p and g values equal to 46, we retained the AR (46) and MA (46) models. The following
are the graphs (Figure 5) and performances of each of the models.
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Figure 4. Evolution of the national agroecological adoption rates.

Table 2. Key characteristics of adoption time series.

Observations
(province-years) Mean Std Min 25% 50% 75% Max

506 12,7% 12,8% 0,0% 3.2% 9,2% 18,5% 67,9%

3.3.1. ARIMA model performance

The results of the Augmented Dickey-Fuller (ADF) test give a statistic of —=5.957114, a p-value of 0.000000,
and critical values of —3.445, —2.868, and —2.570, respectively, at threshold levels of 1%, 5%, and 10%,
enabling us to conclude that the series is stationary. Thus, the integration order d = 0 has been considered
for the various ARIMA models. This enabled us to test several ARIMA models (p, 0, g), varying the values of
p and g from 1 to 46. In sum, for any value of p and g below 9, the forecasts were consistently identical and
unrealistic. On the other hand, for values of p and g greater than or equal to 9, the forecasts seemed
realistic, but the models don't converge well in this case, making any recommendations that might be
drawn from such forecasts untenable. Below are representative curves (Figure 6) for the ARIMA (1,0,1),
ARIMA (9,0,9), and ARIMA (46,0,46) models.

Table 3 below summarises the performance of the different models presented above. By comparing the
MSE and R? of the naive model with those of the AR, MA, and ARIMA models, we can conclude that they
perform less well than the naive model. This situation can be further explained by the negative R? recorded
with some of the models. Thus, every t + k value in our series is close to the t + k-1 value, but we do not
know what that value is. Due to the high number of lags, the training time was particularly long for the
ARIMA models, up to 3 minutes. Overall, the low levels of R? recorded by the current models indicate a poor
fit between predicted and actual values.

Since we were looking for a model with good predictive power and accuracy, we tested the LSTM model,
whose performance is reported below.

3.3.2. LSTM model performance

The LSTM model provided plausible and realistic forecasts for all 45 provinces. The representation below
(Figure 7) shows the 2020 adoption rates, their values predicted by the model for test purposes, and the
2021 projections with associated confidence intervals. From a graphical point of view, we can see that the
model is wrong in some cases, but remains better than the ARIMA models.

The model recorded a Mean Squared Error (MSE) of 0.0037, and a Coefficient of Determination (R?) of
0.75, indicating a strong fit between predicted and actual values (Table 4). Thus, the performance of the
LSTM model exceeds that of the autoregressive models tested above. The MSE remained low, reflecting
minimal prediction errors, while the RMSE and MAE further confirmed the model's accuracy in capturing the
underlying trends in adoption rates. In addition to strong predictive accuracy, the model proved to be
computationally efficient. The prediction time during model inference was acceptable (around 10 minutes
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Agroecological rate prediction with Persistence model Agroecological rate prediction with AutoRegression model
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Figure 5. AR, MA and Persistence model forecasts.
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Figure 6. ARIMA(1,0,1), ARIMA(9,0,9) and ARIMA(46,0,46) model forecasts.
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Table 3. Performance of the various
autoregressive models.

MODELS MSE R?
PERSISTENCE 0.012 0.27
AR(46) 0.014 0.14
MA(46) 0.028 -0.73
ARIMA(1,0,1) 0.018 -0.097
ARIMA(9,0,9) 0.017 —0.081
ARIMA(46,0,46) 0.014 0.011

Actual rates, 2018-2020 predictions and 2021 forecasts

—o— Actual rates 2018-2020
—e— Predicted rates 2018-2020
0.6 —— Forecasts 2021

0.5

0.4

0.3

Adoption rates

0.2

0.1

0.0 >

Year

Figure 7. LSTM model forecasts.

Table 4. Performance of the LSTM model.
MSE RMSE MAE R?
LSTM 0.0037 0.0609 0.0369 0.7505

for the entire process), making it well-suited for real-time forecasting applications. This efficiency is
particularly valuable for policymakers and stakeholders requiring rapid decision-making support. The
balance between high accuracy and low computational cost underscores the practical applicability of
our approach in real-world agricultural forecasting scenarios.

The evolution of agroecological adoption between 2010 and 2021 reveals geographical disparities
across Burkina Faso. Although the national trend remains negative over the long run (-5.48%), certain
provinces show signs of recovery in recent years. Between 2016 and 2021, an increase in adoption is
observed in Sanguié (+6.60%), Kouritenga (+5.74%), Poni (+4.92%), Nayala (+4.88%), Ganzourgou
(+4.20%), Gnagna (+3.63%), Soum (+2.74%), and Namentenga (+2.07%). When comparing 2021 to the
baseline year of 2010, only a small number of provinces, such as Seno, Kossi, and Komandjoari, show a net
positive change, particularly in the Sahelian and Sudano-Sahelian zones. In contrast, most provinces
continue to register negative variations, highlighting an abandonment of sustainable practices over time.
The adoption rates in certain provinces, such as Passore, Boulgou, Loroum, and Yatenga, were volatile
while remaining around an average value over the period. This highlights the need to consider confi-
dence intervals when providing rate forecasts. Finally, western and southwestern provinces such as
Houet, Kénédougou, and Léraba display low adoption trends (less than 3%). Figure 8 and Appendix
(Table A3) summarise the various elements mentioned below. The low adoption rate of agroecological
innovations by the Cascade and Hauts-Bassins regions and the high adoption rate by the Sudanian and
Sudano-Sahelian regions have been highlighted by previous studies (Ouédraogo et al., 2019; Sigue et al.,
2018; Zongo et al., 2016).
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Figure 8. Comparative trends in agroecological adoption rates in selected provinces from 2010 to 2021(LSTM forecasts).

3.3.3. Policy and practice implications

The findings of this study have multiple policy and practice implications. First, a shift in the country's
agricultural subsidies and policies in favour of sustainable practices can be the driving force behind the
expansion of agroecology. For example, targeted subsidies could be provided to improve access to organic
inputs, as has been done to promote chemical inputs. Second, in the absence of up-to-date data on current
agricultural practices, agroecology adoption rates in past years are good indicators of future rates, and
forecasts can enable public decision-makers to guide their actions by effectively targeting critical areas for
improved extension activities, school field or similar efforts. In this way, we can implement country-wide
monitoring and forecasting systems based on data and regularly updated predictive models to adjust
interventions in near-real time. Third, regions with high pedoclimatic challenges are proving to be those
that adopt and retain agroecological innovations more widely. Success stories from these regions could
serve as examples for other areas to incentivize the adoption of these innovations. More specifically, for
provinces with persistently low or declining adoption rates, it will be necessary to introduce extension visits,
localised demonstration plots, and strengthened farmer-to-farmer diffusion mechanisms. For provinces
with stagnating adoption rates, policy-makers must promote strategies that encourage gradual progress
toward high adoption. These include maintaining consistent extension support, improving access to
essential inputs and credit, facilitating knowledge spillovers from high-performing provinces, and using
these stable provinces as pilot zones for incremental innovations. Finally, for provinces showing positive
adoption growth, policy-makers must promote input access (credit and seeds) and reduce supply-chain
bottlenecks. Additionally, they must promote cross-province knowledge transfer and opportunities to
leverage these provinces as ‘innovation hubs'.

4. Discussion

Among West African countries, Burkina Faso is often cited as a reference for the use of sustainable
agricultural practices in some of its localities (Bellon & Ollivier, 2018, Rabhi, 1985, 1986). However,
agricultural policies in recent years -such as subsidies on chemical inputs - have favoured conventional
practices, and this is not without effect on the agroecology transition in the country, as our results show.
For example, as part of a literature review on incentives for the adoption of agroecological practices in Latin
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America, (Mockshell et al., 2025) highlighted that public policies play an important role in farmers' choice to
adopt practices. Since 2015, the Ministry of Agriculture of Burkina Faso included a specific action on the
promotion of good agricultural practices in the National Rural Sector Programme Il (MARAH, 2018a), which
partly takes into account the issue of agroecology. This has contributed to a slight reduction in the use of
chemical inputs, explaining the slight 1% increase seen in sustainable practices over the 2015-2018 period.
However, this dynamic has not been reflected in terms of agroecological innovations such as crop
association or rotation, and an increase in the supply of organic inputs has not followed, which explains
the decline in agroecology adoption rates between 2018 and 2020 at the national level. The abandonment
of sustainable practices in Burkina Faso is not an isolated case. Indeed, the abandonment of agroecological
practices such as crop rotation or association has also been highlighted in the context of the Nile Basin in
Egypt by (Dessalegn et al., 2022), due to climatic conditions and the change in agricultural policies.

The variation in adoption rates for each province of Burkina Faso may also be explained by the effect of
quinquennial updating of the farms making up the EPA panels. Given that provinces often extend over tens
or even hundreds of km?, within a single province, some localities (villages) may be more sustainable than
others, and EPA sampling does not take farm sustainability as a stratification factor. For example, localities
in the Eastern province that border the Central-Eastern province are less sustainable than other localities in
the same province, and the majority of provinces with high adoption rates turn out to have a low weighting
in the EPA sample (Appendix A2).

As far as differences in agroecological performance between the provinces are concerned, the best-
performing provinces turn out to be those facing difficult climatic conditions (localities in the Sahelian and
Sudano-Sahelian parts of the country). This part of the country is subject to high evapotranspiration, low
rainfall, arid land with high erosion rates, etc. Thus, agroecological innovations are proving to be effective
against the effects of climate change. A similar result was obtained by (Debray et al., 2015) in the context of
Burkina Faso and sustainable land use, and sustainable land use practices as agroecological innovations are
proven effective against climate vulnerability in Colombia (Pérez-Marulanda et al., 2025).

In terms of the performance of the various machine learning models tested, the negative R* of ARIMA-
family models indicates that these models performed worse than a naive baseline that simply predicts the
mean of the observed values. This suggests that the ARIMA-Based model is not suitable for capturing the
dynamics of the annual adoption-rate series used in this study in comparison with LSTM model. This finding
is consistent with that obtained by (Siami-Namini et al., 2018), where the LSTM-based model improved the
prediction by 85% on average compared to ARIMA. In addition to this, the short annual period of our time
series does not allow us to isolate the rates of the 45 provinces one by one to make the forecasts separately,
as we would end up with only 11 observations per province or for the national level.

The overall good forecasts provided by the LSTM model, in contrast to the ARIMA models, can be
explained by the fact that the LSTM model is designed to capture long short-term dependencies and non-
linear relationships in time series by regulating information through its various mechanisms, as explained in
the description of the algorithms. However, the LSTM model appears to have encountered difficulties in
accurately predicting adoption rates for certain provinces, notably Oudalan and Sanmatenga. This reality is
likely linked to the learning strategy employed. Because the model was primarily trained on earlier
observations (2010-2015) and then used to forecast the most recent years, it may not have well captured
the shifts that occurred in provinces whose trajectories differed substantially between the two sub-periods
(2010-2015 vs. 2016-2020). In such contexts, when longer time series are available, it will be necessary to
train separate, province-specific models to improve predictive performance. Artificial Neural Network (ANN)
based modelling has produced interesting results on other agroecological issues (Daniel et al., 2008; Dhoke
et al., 2023; Gbemavo et al., 2024), and the performance of the LSTM model in the present study aligns with
the findings of (Siami-Namini et al., 2018). Although demonstrating good predictive powers, it should be
emphasised that one of the constraints of deep learning models lies in the process of their interpretation.
Indeed, the interpretation of the weights or the links between the connections of the elements of these
models has no particular significance from the point of view of the specific contribution of study variables.
Other automatic learning models, such as the XGboost or Random Forest models, have very interesting
explanatory power but are better suited to conjunctural data than structural ones, which is why we decided
not to use such models in this study. One of our previous works aimed at assessing the agroecological
transition of farms from a conjunctural point of view has used such models (Nikiema et al., 2024). Here, we
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were essentially seeking to use past agroecological adoption rates in a purely autoregressive and structural
approach to predict future adoption rates.

5. Conclusion

This study analyses trends in the adoption of agroecological innovations and predicts future adoption rates
by applying machine learning methods to a time-series database. An illustration in Burkina Faso shows that
for the period 2010-2020, we observe a shift away from sustainable practices towards conventional ones,
partly explained by agricultural policies in support of such practices. Although modelling the agroecological
transition process is complex, time series models can be used to predict future adoption rates. However, the
most suitable models need to be identified. By leveraging historical adoption information, our approach
provides valuable insights into expected trends and potential barriers to widespread implementation. The
results highlight the capacity of deep learning models to capture complex temporal dependencies and
offer robust short-term predictions, aiding policymakers, researchers, and extension services in designing
targeted interventions. The high accuracy of our model, as reflected by an R* of 75% and a minimal mean
squared error, confirms its reliability for short-term forecasting.

The forecasts obtained show that certain localities will be more likely to abandon sustainable practices in
the future. The areas facing the most difficult climatic conditions are those that have been shown to adopt
and retain agroecological innovations as an effective response to the effects of climate change. In addition,
we found that adoption rates are influenced by distinct regional trends, with some provinces exhibiting
increasing adoption while others show stagnation or decline. This heterogeneity underscores the necessity
of localised strategies that consider socio-economic, climatic, and institutional factors.

Overall, this study contributes to the growing body of knowledge on data-driven approaches to
forecasting changes in agricultural practices. By demonstrating the feasibility of machine learning in
predicting agroecological adoption rates, it provides a foundation for more proactive and evidence-
based decision-making. As the global agricultural sector faces sustainability challenges, harnessing
advanced analytics will be crucial in promoting resilient and scalable agroecological transitions.

A limitation of this study lies in the length of the time frame over which the forecasts were produced.
Indeed, we have considered forecasts over a step of one year progressively, as we believe that forecasts
over long periods become obsolete very quickly. For example, from one period to the next, a farmer may
decide to abandon or significantly reduce the use of chemical inputs on their farm if the current year's
agricultural policies are strongly in favour of sustainable practices, with incentives to encourage such a
change. Given that our model does not directly take into account such an exogenous variable, we would
need to update our forecasts if such a situation arose, incorporating the new rates reflecting the change in
agricultural policies for that given year.

The exclusion of explanatory variables also limits the interpretability of our model outputs and constrains
the policy sensitivity of the forecasts. Autoregressive forecasting implicitly assumes continuity of past
dynamics; therefore, predictions may weaken under future structural shifts in policy, markets, or climate
regimes. That is also one of the reasons why we focus on providing only one-year forecasts, which must be
updated each year with the real observed rates to help the model adjust its information.

Regarding generalisability to other geographic contexts, additional considerations are needed. Specifically, it
will be necessary to check whether other countries or regions collect the same variables or at least some direct
proxies that allow the classification of the units as agroecological or not. Also, we must ensure consistency in the
variable definitions and the dataset format. In such cases, there would be no fundamental problem in applying our
proposed approaches to these areas, provided that comparable data are available.

Future research avenues to build on this work may consider several dimensions. First, extending the data
series over 30 years to resolve the formatting problem encountered during the modelling process with the
ARIMA models could enable us to reassess the quality of ARIMA models and their effectiveness in predicting
the adoption of sustainable practices. Second, further empirical research is needed to apply machine
learning methods beyond a narrow theory of innovation, which focuses on technocratic, top-down
approaches to analyse the bottom-up processes of horizontal knowledge exchange and interactive
innovation in agroecology networks. Third, future research efforts should consider different policy scenarios
by modelling the effect of policy interventions (such as subsidies, farm advisory services, and field schools),
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spatial autocorrelation, and socioeconomic variables such as input cost, credit penetration, and market
connectivity on the evolution of future adoption rates to identify effective levers for accelerating adoption.
Finally, this study does not establish any causal relationship between external factors and agroecology
adoption. Although our analysis shows that past adoption rates can be used to forecast future adoption
dynamics, these results should not be interpreted as causal. Future research incorporating experimental
designs or behavioural variables would be necessary to rigorously identify the causal effects of exogenous
factors on agroecological adoption.

Acknowledgements

This work was supported by the Partnership for Skills in Applied Sciences, Engineering, and Technology (PASET)
Regional Scholarship Innovation Funds (RSIF). We are grateful to the Natural Resources Institute (NRI) of the University
of Greenwich, United Kingdom, for their support during our academic stay and the DSS of the Ministry of Agriculture of
Burkina Faso for its support.

Author contributions

CRediT: Theodore Nikiema: Conceptualisation, Data curation, Formal analysis, Investigation, Funding acquisition,
Methodology, Software, Validation, Writing—original draft, Writing—review & editing; Pamela Giselle Katic: Supervision,
Investigation, Project administration, Methodology, Funding acquisition, Validation, Writing—review & editing, Validation;
Issaka Abdou Razakou Kiribou: Formal analysis, Investigation, Methodology, Visualisation, Writing—review & editing,
Validation. Sylvain Kpenavoun Chogou: Supervision, Project administration, Writing—review & editing, Methodology,
Validation; Eugene C. Ezin: Supervision, Project administration, Writing—review & editing, Methodology, Validation.

Disclosure statement

The authors declare that they have no known competing financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

ORCID

Theodore Nikiema 0000-0002-3602-7606

Pamela Giselle Katic 0000-0001-7594-1081

Issaka Abdou Razakou Kiribou 0000-0002-3410-6204
Eugene C. Ezin 0000-0002-7850-8600

Data availability statement

The data used in this study were obtained from the Department of Statistics of Burkina Faso’s Ministry of Agriculture, and
interested parties are invited to contact the department. The code used to train and validate the models, including model
performance, is available on GitHub via this Link (https:/github.com/nikiematheodore4/Forecasting_Agroecology_
adoption_rate).

References

Ajzen, I. (1991). The theory of planned behavior. Organizational Behavior and Human Decision Processes, 50, 179-211.
https://doi.org/10.1016/0749-5978(91)90020-T

Barrios, E., Gemmill-Herren, B., Bicksler, A., Siliprandi, E., Brathwaite, R., Moller, S., Batello, C., & Tittonell, P. (2020). The 10
elements of agroecology: Enabling transitions towards sustainable agriculture and food systems through visual
narratives. Ecosystems and People, 16(1), 230-247. https://doi.org/10.1080/26395916.2020.1808705

Bellon, S., & Ollivier, G. (2018). Institutionalizing agroecology in France: Social circulation changes the meaning of an
idea. Sustainability, 70, 1380. https://doi.org/10.3390/su10051380

Bezner Kerr, R., Madsen, S., Stiiber, M., Liebert, J., Enloe, S., Borghino, N., Parros, P., Mutyambai, D. M., Prudhon, M., &
Wezel, A. (2021). Can agroecology improve food security and nutrition? A review. Global Food Security, 29. 100540.
https://doi.org/10.1016/j.9fs.2021.100540

Bianco, S. D., Arfa, N. B., Ghali, M., Turpin, E., & Daniel, K. (2019). Les coopératives agricoles dans la transition écologique
des agriculteurs. Les dispositifs de preuve de l'intérét économique. Economie rurale. Agricultures, alimentations,
territoires, 368, Article 368. https://doi.org/10.4000/economierurale.6768


http://orcid.org/0000-0002-3602-7606
http://orcid.org/0000-0001-7594-1081
http://orcid.org/0000-0002-3410-6204
http://orcid.org/0000-0002-7850-8600
https://github.com/nikiematheodore4/Forecasting_Agroecology_adoption_rate
https://github.com/nikiematheodore4/Forecasting_Agroecology_adoption_rate
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1080/26395916.2020.1808705
https://doi.org/10.3390/su10051380
https://doi.org/10.1016/j.gfs.2021.100540
https://doi.org/10.4000/economierurale.6768

INTERNATIONAL JOURNAL OF AGRICULTURAL SUSTAINABILITY e 15

Cleland, C. (2002). Methodological and epistemic differences between historical science and experimental science*.
Philosophy of Science, 69, 474-496. https://doi.org/10.1086/342455

Coble, K. H., Mishra, A. K., Ferrell, S., & Griffin, T. (2018). Big data in agriculture: A challenge for the future. Applied
Economic Perspectives and Policy, 40(1), 79-96. https://doi.org/10.1093/aepp/ppx056

Daniel, J., Andrés, P.-U., Héctor, S., Miguel, B., Patrick, V. D., & Marco, T. (2008). A survey of artificial neural network-based
modeling in agroecology. In I. B. Prasad (Ed.), Soft Computing Applications in Industry (pp. 247-269). Springer. https://
doi.org/10.1007/978-3-540-77465-5_13

Debray, V., Derkimba, A., & Roesch, K. (2015). Des innovations agroécologiques dans un contexte climatique changeant
en Afrique https://www.fao.org/sustainable-food-value-chains/library/details/en/c/427589/

Deléglise, H., Interdonato, R., Bégué, A., Maitre d’hotel, E., Teisseire, M., & Roche, M. (2021). Food security prediction from
heterogeneous data combining machine and deep learning methods. Expert Systems with Applications, 190. 116189.
https://doi.org/10.1016/j.eswa.2021.116189

Dessalegn, B., Abd-Allah, E., Salem, S., Swelam, A., & Yigezu, Y. A. (2022). Explaining shifts in adaptive water manage-
ment using a gendered multi-level perspective (MLP): A case study from the Nile delta of Egypt. International Journal
of Agricultural Sustainability, 20(7), 1397-1414. https://doi.org/10.1080/14735903.2022.2082765

Dhoke, P., Purohit, N., & Lokulwar, P. P. (2023). Agroecology: Intelligent implementation of digital farming using
machine learning & deep learning. 2023 World Conference on Communication & Computing (WCONF), 1-7. https://
doi.org/10.1109/WCONF58270.2023.10234967

Dornelas, M., Magurran, A. E., Buckland, S. T., Chao, A., Chazdon, R. L., Colwell, R. K,, Curtis, T., Gaston, K. J., Gotelli, N. J.,
Kosnik, M. A., McGill, B, McCune, J. L, Morlon, H., Mumby, P. J., @vreds, L., Studeny, A, & Vellend, M. (2013).
Quantifying temporal change in biodiversity: Challenges and opportunities. Proceedings of the Royal Society B:
Biological Sciences, 280(1750), 20121931. https://doi.org/10.1098/rspb.2012.1931

Gbemavo, D. S. J. C, Laly, J,, & Adjahossou, V. N. (2024). Modeling farmer behavior in adopting agroecological practices using Al
tools in shea butter agroforestry systems. Heliyon, 10(23), e40600. https://doi.org/10.1016/j.heliyon.2024.e40600

Gebru, M., Holden, S. T., & Alfnes, F. (2021). Adoption analysis of agricultural technologies in the semiarid Northern
Ethiopia: A panel data analysis. Agricultural and Food Economics, 9(1), 12. https://doi.org/10.1186/540100-021-00184-6

Haggar, J., Nelson, V., Lamboll, R, & Rodenburg, J. (2020). Understanding and informing decisions on sustainable
agricultural intensification in Sub- saharan Africa. International Journal of Agricultural Sustainability, 19, 349-358.
https://doi.org/10.1080/14735903.2020.1818483

Ifft, J., Kuhns, R., & Patrick, K. (2018). Can machine learning improve prediction — an application with farm survey data,
21(8), 1083-1098. https://doi.org/10.22434/IFAMR2017.0098

INSD. (2023). Caractéristiques des ménages agricoles du Burkina Faso: Analyse approfondie (5e Recensement Général
de la Population et de I'Habitat (RGPH)).

IPES-Food. (2016). From Uniformity to Diversity: A paradigm shift from industrial agriculture to diversified agroecolo-
gical systems.

IPES-Food. (2020). The added value(s) of agroecology: Unlocking the potential for transition in West Africa.

Khanna, A., & Kaur, S. (2022). Time series analysis of environmental data by using ARIMA and LSTM models for precision
agriculture. In Review. https://doi.org/10.21203/rs.3.rs-2157455/v1

Mabah Tene, G. L., Havard, M., & Temple, L. (2013). Déterminants socio-économiques et institutionnels de I'adoption
d’'innovations techniques concernant la production de mais a l'ouest du cameroun. Tropicultura, 31(1), 1-11 https://
agritrop.cirad.fr/572422/.

MARAH. (2008). Recensement Général de I'Agriculture (RGA) : Rapport général du module tronc commun (p. 517) http://
cns.bf/IMG/pdf/rapport_module_tronc_commun_def.pdf

MARAH. (2018a). Programme national du secteur rural (PNSR) Il https://faolex.fao.org/docs/pdf/bkf142140.pdf

MARAH. (2018b). Rapport des résultats définitifs de I'enquéte permanente agricole (EPA), Campagne agricole 2017/2018
http://www.issp.bf/index.php/fr/catalogue-recueils/3-recueil-des-rapports-de-recensements-et-d-enquetes-realises-
au-burkina-faso-depuis-1960/9-enquetes-agricoles

Mockshell, J.,, Omulo, G., Asante-Addo, C,, Ritter, T. N., Quintero, M., & Remans, R. (2025). Identifying critical incentives for
scaling out the adoption of agroecological practices-a systematic review of Peruvian cacao value chains. International
Journal of Agricultural Sustainability, 23(1, 2497640. https://doi.org/10.1080/14735903.2025.2497640

Montes de Oca Munguia, O., Pannell, D. J,, & Llewellyn, R. (2021). Understanding the adoption of innovations in agriculture: A
review of selected conceptual models. Agronomy, 71(1), 139. https://doi.org/10.3390/agronomy11010139

Mounirou, I. (2015). Perception et adoption des innovations techniques agricoles dans le bassin cotonnier de banikoara
au Bénin [Perception and adoption of agricultural technical innovations in the cotton basin of Banikoara in Benin].
African Journal of Agricultural and Resource Economics Volume, 10(2), 87-102.

Mullainathan, S., & Spiess, J. (2017). Machine learning: An applied econometric approach. Journal of Economic
Perspectives, 31(2), 87-106. https://doi.org/10.1257/jep.31.2.87

Nikiema, T., Ezin, E. C., & Kpenavoun Chogou, S. (2023). Bibliometric analysis of the state of research on agroecology
adoption and methods used for its assessment. Sustainability, 75(21), 15616. https://doi.org/10.3390/su152115616

Nikiema, T., Ezin, E. C, & Chogou, S. K. (2024). Categorizing Farms to Promote Agroecology: A Supervised Learning
Approach (pp. 326-331). IEEE. https://doi.org/10.1109/SMARTCOMP61445.2024.00076


https://doi.org/10.1086/342455
https://doi.org/10.1093/aepp/ppx056
https://doi.org/10.1007/978-3-540-77465-5_13
https://doi.org/10.1007/978-3-540-77465-5_13
https://www.fao.org/sustainable-food-value-chains/library/details/en/c/427589/
https://doi.org/10.1016/j.eswa.2021.116189
https://doi.org/10.1080/14735903.2022.2082765
https://doi.org/10.1109/WCONF58270.2023.10234967
https://doi.org/10.1109/WCONF58270.2023.10234967
https://doi.org/10.1098/rspb.2012.1931
https://doi.org/10.1016/j.heliyon.2024.e40600
https://doi.org/10.1186/s40100-021-00184-6
https://doi.org/10.1080/14735903.2020.1818483
https://doi.org/10.22434/IFAMR2017.0098
https://doi.org/10.21203/rs.3.rs-2157455/v1
https://agritrop.cirad.fr/572422/
https://agritrop.cirad.fr/572422/
http://cns.bf/IMG/pdf/rapport_module_tronc_commun_def.pdf
http://cns.bf/IMG/pdf/rapport_module_tronc_commun_def.pdf
https://faolex.fao.org/docs/pdf/bkf142140.pdf
http://www.issp.bf/index.php/fr/catalogue-recueils/3-recueil-des-rapports-de-recensements-et-d-enquetes-realises-au-burkina-faso-depuis-1960/9-enquetes-agricoles
http://www.issp.bf/index.php/fr/catalogue-recueils/3-recueil-des-rapports-de-recensements-et-d-enquetes-realises-au-burkina-faso-depuis-1960/9-enquetes-agricoles
https://doi.org/10.1080/14735903.2025.2497640
https://doi.org/10.3390/agronomy11010139
https://doi.org/10.1257/jep.31.2.87
https://doi.org/10.3390/su152115616
https://doi.org/10.1109/SMARTCOMP61445.2024.00076

16 e T. NIKIEMA ET AL.

Ouédraogo, R. A., Kambiré, F. C., Kestemont, M.-P., & Bielders, C. L. (2019). Caractériser la diversité des exploitations
maraichéres de la région de bobo-dioulasso au Burkina Faso pour faciliter leur transition agroécologique. Cahiers
Agricultures, 28, 20. https://doi.org/10.1051/cagri/2019021

Pérez-Marulanda, L., Jepsen, M. R,, & Castro-Nunez, A. (2025). Boosting the adoption of sustainable land-use systems for
achieving Colombian land-based climate action and peacebuilding goals. World Development, 188. 106888. https://
doi.org/10.1016/j.worlddev.2024.106888

Pesaran, M. H., & Yang, L. (2024). Heterogeneous autoregressions in short T panel data models. Journal of Applied
Econometrics, 39(7), 1359-1378. https://doi.org/10.1002/jae.3085

Pesaran, M. H., Pick, A., & Timmermann, A. (2025). Forecasting with panel data : Estimation uncertainty versus parameter
heterogeneity (No. arXiv:2404.11198). arXiv https://doi.org/10.48550/arXiv.2404.11198

Qing, X, & Niu, Y. (2018). Hourly day-ahead solar irradiance prediction using weather forecasts by LSTM. Energy, 748,
461-468. https://doi.org/10.1016/j.energy.2018.01.177

Rabhi, P. (1985). Création d'un centre de formation a I'agro-écologie a gorom-gorom (Sahel du Burkina Faso). Nature et
progreés, 85, 13-16.

Rabhi, P. (1986). Une saison a gorom. Nature et progreés, 91, 14-18.

Rogers, E. M. (1983). Diffusion of Innovations (SSRN Scholarly Paper No. 1496176) https://papers.ssrn.com/abstract=14
96176

Rogers, E. M. (2010). Diffusion of Innovations (4th ed.). Simon and Schuster.

Sarkar, A, Azim, J. A, Asif, A. A, Qian, L., & Peau, A. K. (2021). Structural equation modeling for indicators of sustainable
agriculture: Prospective of a developing country’s agriculture. Land Use Policy, 709. 105638. https://doi.org/10.1016/
jJlandusepol.2021.105638

Sarkar, A, Wang, H., Rahman, A., Azim, J. A,, Memon, W. H., & Qian, L. (2022). Structural equation model of young
farmers’ intention to adopt sustainable agriculture: A case study in Bangladesh. Renewable Agriculture and Food
Systems, 37(2), 142-154. https://doi.org/10.1017/51742170521000429

Siami-Namini, S., Tavakoli, N., & Siami Namin, A. (2018). A comparison of ARIMA and LSTM in forecasting time series.
2018 17th IEEE International Conference on Machine Learning and Applications (ICMLA), 1394-1401. https://doi.org/
10.1109/ICMLA.2018.00227

Sigue, H., Labiyi, I. A, Yabi, J. A., & Biaou, G. (2018). Facteurs d’adoption de la technologie « microdose » dans les zones
agroécologiques au Burkina Faso. International Journal of Biological and Chemical Sciences, 12(5, Article 5. https://
doi.org/10.4314/ijbcs.v12i5

Tapsoba, K. P., Aoudji, A. K. N., Kestemont, M.-P., Kaboré Konkobo, M., & Achigan-Dako, E. G. (2022). Understanding the
Behavioral Drivers of Smallholder Agroecological Practice Adoption in Benin and Burkina Faso (SSRN Scholarly Paper
No. 4204443) https://doi.org/10.2139/ssrn.4204443

Tilman, D., & Clark, M. (2014). Global diets link environmental sustainability and human health. Nature (London), 575,
518-522. https://doi.org/10.1038/nature13959

UNSD. (2018). Guidelines on the use of electronic data collection technologies in population and housing censuses
https://eeca.unfpa.org/sites/default/files/pub-pdf/guidelines_on_the_use_of_electronic_data_collection_technolo-
gies_in_population_and_housing_censuses.pdf

UNSD. (2022). Modernization of the Production of Time-use Statistics. https://unstats.un.org/UNSD/statcom/53rd-
session/documents/BG-3h-Modernization_UN_EG_TUS2021_FINAL_SENT_rev-E.pdf

Watson, R., Baste, |, Larigauderie, A., Leadley, P., Pascual, U., Baptiste, B., Demissew, S., Dziba, L., Erpul, G., & Fazel, A.
(2019). Summary for policymakers of the global assessment report on biodiversity and ecosystem services of the
Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (pp. 22-47). Bonn, Germany: IPBES
Secretariat.

Zongo, K., Hien, E., Drevon, J.-J., Blavet, D., Masse, D., & clermont-dauphin, C. (2016). Typologie et logique socio-
économique des systémes de culture associant céréales et légumineuses dans les agro-écosystémes soudano-
sahéliens du Burkina Faso. International Journal of Biological and Chemical Sciences, 10, 290. https://doi.org/
10.4314/ijbcs.v10i1.23


https://doi.org/10.1051/cagri/2019021
https://doi.org/10.1016/j.worlddev.2024.106888
https://doi.org/10.1016/j.worlddev.2024.106888
https://doi.org/10.1002/jae.3085
https://doi.org/10.48550/arXiv.2404.11198
https://doi.org/10.1016/j.energy.2018.01.177
https://papers.ssrn.com/abstract=1496176
https://papers.ssrn.com/abstract=1496176
https://doi.org/10.1016/j.landusepol.2021.105638
https://doi.org/10.1016/j.landusepol.2021.105638
https://doi.org/10.1017/S1742170521000429
https://doi.org/10.1109/ICMLA.2018.00227
https://doi.org/10.1109/ICMLA.2018.00227
https://doi.org/10.4314/ijbcs.v12i5
https://doi.org/10.4314/ijbcs.v12i5
https://doi.org/10.2139/ssrn.4204443
https://doi.org/10.1038/nature13959
https://eeca.unfpa.org/sites/default/files/pub-pdf/guidelines_on_the_use_of_electronic_data_collection_technologies_in_population_and_housing_censuses.pdf
https://eeca.unfpa.org/sites/default/files/pub-pdf/guidelines_on_the_use_of_electronic_data_collection_technologies_in_population_and_housing_censuses.pdf
https://unstats.un.org/UNSD/statcom/53rd-session/documents/BG-3h-Modernization_UN_EG_TUS2021_FINAL_SENT_rev-E.pdf
https://unstats.un.org/UNSD/statcom/53rd-session/documents/BG-3h-Modernization_UN_EG_TUS2021_FINAL_SENT_rev-E.pdf
https://doi.org/10.4314/ijbcs.v10i1.23
https://doi.org/10.4314/ijbcs.v10i1.23

Appendix

INTERNATIONAL JOURNAL OF AGRICULTURAL SUSTAINABILITY e 17

Table A1. Supplementary statistics on farm characteristics.

Variables Proportion % * (Mode)
Main source of input funds

Own fund 82,8 *
Credit 17,2

Access to agricultural extension activities

No 80,6 *
Yes 19,4

Responsibility in FO's

Executive member 7.8

Honorary member 09

Ordinary member 17,8

Not a member 73,4 *
Off-season home garden cultivation

No 86,6 *
Yes 134

Gender of the head of the household

Man 92,1 *
Woman 79

Microdose practices

No 89,4 *
Yes 10,6

Sarclo-binage pratice or demariage

No 36,5

Yes 63,5 *
Type of livestock

No livestock 58

Extensive sedentary livestock farming 70,1 *
Semi-intensive livestock farming 16

Intensive sedentary livestock farming 6,2

Transhumance 1,9
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Table A2. Proportion of farms per province.
Proportion of farms per province

Percent (%) Cumulative Percent (%)
PROVINCES BAM 14 14
BAZEGA 3,1 45
BOUGOURIBA 13 59
BOULGOU 3,6 9,4
BOULKIEMDE 51 14,5
COMOE 19 16,5
GANZOURGOU 3 19,5
GNAGNA 2 21,5
GOURMA 29 24,4
HOUET 2,5 27
KADIOGO 24 293
KENEDOUGOU 19 31,2
KOSSI 1,8 33,1
KOURITENGA 1,6 34,7
MOUHOUN 51 39,8
NAHOURI 49 44,7
NAMENTENGA 1,6 46,3
OUBRITENGA 1,8 48,1
OUDALAN 04 48,5
PASSORE 29 51,4
PONI 19 53,2
SANGUIE 2,7 56
SANMATENGA 4,2 60,1
SENO 0,6 60,7
SISSILI 1,6 62,3
SOUM 14 63,6
SOUROU 2,2 65,8
TAPOA 14 67,2
YATENGA 2,1 69,3
ZOUNDWEOGO 49 743
BALE 1,6 75,9
BANWA 15 774
I0BA 23 79,7
KOMANDJOARI 1 80,7
KOMPIENGA 1,8 82,4
KOULPELOGO 19 84,3
KOURWEOGO 3 873
LERABA 13 88,6
LOROUM 13 89,8
NAYALA 14 91,2
NOUMBIEL 1 92,2
TUY 33 95,5
YAGHA 0,6 96,1
ZIRO 2 98,1
ZONDOMA 19 100

Total 100
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Table A3. Comparative trends in adoption rates for 2010, 2016, and 2021 (LSTM forecasts).

Province 2010 2016 2021 (Forecast) 1C95_inf 1C95_sup Dif 2021-2016 Dif 2021-2010
BALE 4,8% 3,2% 1,1% 0,9% 1,3% -2,2% -3,7%
BAM 12,5% 17,9% 8,6% 7,5% 9,7% -9,3% —4,0%
BANWA 2,4% 3,1% 1,3% 1,0% 1,6% -1,8% -1,1%
BAZEGA 15,7% 1,6% 3,5% 2,8% 4,2% 1,9% -12,2%
BOUGOURIBA 17,8% 7,2% 6,5% 5,9% 7,2% -0,7% -11,2%
BOULGOU 7,4% 1,4% 3,6% 3,4% 3,9% 0,2% -3,7%
BOULKIEMDE 41,9% 23,0% 21,1% 19,8% 22,4% -1,9% —-20,8%
COMOE 12,0% 2,9% 3,3% 2,6% 3,9% 0,3% -8,8%
GANZOURGOU 21,1% 4,9% 9,1% 8,1% 10,1% 4,2% -11,9%
GNAGNA 11,2% 5,4% 9,0% 8,3% 9,7% 3,6% -2,2%
GOURMA 13,6% 15,0% 11,1% 10,2% 12,1% -3,9% -2,5%
HOUET 11,6% 0,5% 2,6% 2,0% 3,1% 2,1% -9,0%
I0BA 16,9% 9,7% 6,4% 5,5% 7,4% -3,3% -10,5%
KADIOGO 9,9% 5,8% 4,6% 3,7% 5,4% -1,2% -5,3%
KENEDOUGOU 3,9% 0,0% 1,0% 0,8% 1,2% 1,0% -2,9%
KOMANDJOARI 1,7% 9,2% 2,6% 2,0% 3,2% —4,6% 0,9%
KOMPIENGA 3,7% 0,0% 0,8% 0,7% 1,0% 0,8% -2,8%
KOSSI 9,0% 8,8% 9,2% 8,7% 9,6% 0,3% 0,2%
KOULPELOGO 11,8% 2,9% 3,3% 2,8% 3,8% 0,4% —-8,5%
KOURITENGA 51,6% 19,4% 25,2% 22,8% 27,6% 5,7% —-26,4%
KOURWEOGO 32,9% 15,7% 14,6% 13,4% 15,9% -1,0% -18,2%
LERABA 8,4% 0,0% 1,9% 1,5% 2,2% 1,9% —6,6%
LOROUM 20,7% 7,4% 5,5% 4,6% 6,3% -1,9% -15,2%
MOUHOUN 6,1% 0,5% 1,4% 1,1% 1,7% 0,9% -4,7%
NAHOURI 8,0% 3,3% 1,8% 1,5% 2,1% -1,5% -6,2%
NAMENTENGA 21,9% 17,2% 19,3% 18,7% 19,9% 2,1% -2,6%
NAYALA 28,6% 5,5% 10,4% 9,3% 11,4% 4,9% —-18,2%
NOUMBIEL 26,6% 20,0% 14,2% 12,9% 15,5% -5,8% -12,4%
OUBRITENGA 18,9% 12,2% 9,4% 8,6% 10,1% -2,8% -9,5%
OUDALAN 40,8% 65,6% 25,6% 23,3% 27,9% —40,0% -15.2%
PASSORE 22,0% 17,3% 13,8% 13,3% 14,3% -3,5% -8,1%
PONI 29,7% 7,3% 12,3% 11,2% 13,3% 4,9% -17,4%
SANGUIE 29,3% 9,1% 15,7% 14,4% 17,0% 6,6% —-13,6%
SANMATENGA 10,1% 31,7% 9,5% 8,4% 10,7% -22,2% —-0,6%
SENO 30,5% 37,5% 34,6% 33,5% 35,8% -2,9% 41%
SISSILI 3,0% 0,0% 0,9% 0,7% 1,0% 0,9% -2,2%
SOUM 21,2% 13,4% 16,1% 15,6% 16,7% 2,7% —-5,0%
SOUROU 22,8% 17,1% 10,2% 8,8% 11,5% —6,9% -12,6%
TAPOA 9,3% 7,0% 6,4% 6,0% 6,9% -0,5% -2,9%
TUY 1,8% 0,0% 1,0% 0,8% 1,2% 1,0% -0,9%
YAGHA 8,3% 11,8% 7.2% 6,7% 7,8% -4,5% -1,1%
YATENGA 37,3% 28,9% 25,7% 25,0% 26,3% -3,3% -11,6%
ZIRO 11,3% 0,0% 2,5% 2,0% 3,1% 2,5% -8,8%
ZONDOMA 21,5% 26,8% 14,0% 13,0% 15,0% -12,8% -7,5%
ZOUNDWEOGO 3,1% 3,2% 2,0% 1,6% 2,4% -1,2% -1,1%

Z_National 16,6% 11,9% 11,1% 10,7% 11,5% -0,8% -5,5%
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