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Artificial intelligence and machine learning have been increasingly applied for prediction in agricultural science.
However, manymodels are typically black boxes, meaning we cannot explain what the models learned from the
data and the reasons behind predictions. To address this issue, I introduce an emerging subdomain of artificial
intelligence, explainable artificial intelligence (XAI), and associated toolkits, interpretable machine learning.
This study demonstrates the usefulness of several methods by applying them to an openly available dataset.
The dataset includes the no-tillage effect on crop yield relative to conventional tillage and soil, climate, andman-
agement variables. Data analysis discovered that no-tillage management can increase maize crop yield where
yield in conventional tillage is <5000 kg/ha and the maximum temperature is higher than 32°. These methods
are useful to answer (i) which variables are important for prediction in regression/classification, (ii) which var-
iable interactions are important for prediction, (iii) how important variables and their interactions are associated
with the response variable, (iv) what are the reasons underlying a predicted value for a certain instance, and
(v) whether different machine learning algorithms offer the same answer to these questions. I argue that the
goodness of model fit is overly evaluated with model performance measures in the current practice, while
these questions are unanswered. XAI and interpretable machine learning can enhance trust and explainability
in AI.
© 2022 The Author. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Artificial intelligence (AI) and machine learning are increasingly
used for prediction in agriculture (Benos et al., 2021; Liakos et al.,
2018). They often outperform conventional statistical parametric
models like generalized linear models in predictive performance
(Breiman, 2001a). A general linear regression, for example, needs the
variables to follow normality and linearity; therefore, data transforma-
tion is often needed. Meanwhile, random forests and artificial neural
networks do not need such transformation procedures. In addition, ma-
chine learning algorithms can automatically discover nonlinearity and
variable interactions (Ryo and Rillig, 2017). These tools are now easy
to learn because various online courses are nowadays available, lower-
ing thehurdle for students and researchers to start usingmachine learn-
ing in their projects.

AI and machine learning make statistical modeling more predictive,
but it comes at a cost. It sacrifices interpretability. Machine learning
ral Landscape Research (ZALF),
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algorithms that achieve a higher predictive performance tend to be
more complex, like random forests, gradient boosting, and artificial neu-
ral networks (Breiman, 2001a). Increasingmodel complexity (with reg-
ularization) is key to enhancing predictability. However, the most
accurate model is often too complex for human beings to interpret the
logic behind a prediction, the so-called black box. We cannot explain
what the model learned from the data, why it predicts a certain value
for a given instance, and when it tends to make a mistake. In general,
there is a trade-off between the accuracy and interpretability of statisti-
cal models (Breiman, 2001a).

Achieving both high accuracy and interpretability is challenging
(Breiman, 2001a), butmost researchers would agree that the employed
model should be both accurate and easy to interpret. Providing inter-
pretable predictions is more important than providing accurate predic-
tions with a black-box model for decision-making (Rudin, 2019; Rudin
et al., 2022). For instance, an AImodel suggests a farmer change the cur-
rent field management from conventional tillage to no-tillage so that
yield can increase by 10%. Surely, the farmer wants to know why the
model predicted so. The model developer should also know if the
model learned agriculturally meaningful patterns from the data and if
the reasons behind each prediction make sense. What if the model
nications Co., Ltd. This is an open access article under the CC BY-NC-ND license (http://
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discovers a strange but interesting pattern? One can investigate it fur-
ther to evaluate if the discovery is important or not. For these purposes,
AI and machine learning need to be interpretable and explainable
(Meske and Bunde, 2020; Ribeiro et al., 2016).

To fulfill this demand, we can make use of the emerging subfield of
the AI domain, explainable AI (XAI), especially a set of tools, interpret-
able machine learning (Adadi and Berrada, 2018; Doshi-Velez and
Kim, 2017; Molnar, 2019; Murdoch et al., 2019; Rudin et al., 2022).
XAI aims to develop tools for enhancing the interpretability of complex
algorithms without sacrificing predictability (Carvalho et al., 2019). The
XAI domain has been gainingmuch attention in the past decade, and its
potential has been disseminated to several natural science fields, such as
biodiversity research (Ryo et al., 2021), geoscience (Mamalakis et al.,
2022), and hydrological/climatic science (Başağaoğlu et al., 2022). In
the agricultural domain, several previous studies have started applying
the techniques since 2020 (Fig. 1): Crop yield estimate (Sihi et al., 2022;
Wolanin et al., 2020); crop type and trait classification using satellite
(Newman and Furbank, 2021; Orynbaikyzy et al., 2020); soil texture
classification (Zhou et al., 2022); leaf disease classification (Wei et al.,
2022); water flux and quality assessment (Garrido et al., 2022; Zhang
et al., 2022); IoT based smart agriculture system (Sabrina et al., 2022);
biomethane production (De Clercq et al., 2020); agricultural land iden-
tification (Viana et al., 2021). However, these studies use only a fewpar-
ticular methods. Moreover, potentially several articles are using XAI
methods without emphasizing the usage. Nevertheless, I argue that
the XAI concept and several useful techniques remain largely
unintroduced to the agricultural domain.

This article aims to demonstrate the potential of XAI, especially in-
terpretable machine learning techniques, for analyzing agricultural
datasets. After a brief introduction to the concept of interpretable ma-
chine learning, I show how interpretable machine learning methods
can be used for discovering novel patterns from a tabular dataset. As a
case study, I use the global dataset for crop production under conven-
tional tillage and no-tillage systems openly available from Su et al.
(2021). The analysis gives a novel insight into under which conditions
no-tillagemanagement can improveMaize crop yield compared to con-
ventional tillage management (see section 2.2 for the detailed descrip-
tion of the dataset). I made the analysis fully reproducible with the
data and R script available on GitHub, hoping that to facilitate readers'
hands-on learning (https://github.com/masahiroryo/2022_IML_
Agriculture.git).
Fig. 1. Publication trend in “AI andmachine learning” and “XAI and interpretable machine
learning” in agricultural science according to the Web of Science Core Collection. XAI:
Explainable artificial intelligence. The search queries were.
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[(“machine learning” OR “artificial intelligence”) AND “agricul*”]
(topic) and [(“interpretablemachine learning”OR “explainable artificial
intelligence” OR “explainable machine learning” OR “XAI” OR “inter-
pretable ML” OR “explainable AI”) AND “agricul*”] (topic), respectively.
The search was done on 30.08.2022, and the number in 2022 was
multiplied by 1.5 so that it can be an estimate for the end of the year,
compatible with the past years.

2. Methods

2.1. Interpretable machine learning: An overview

Machine learning algorithms canmake accurate predictions, but un-
derstanding the rationales behind predictions is often difficult. The lack
of interpretabilitymakes scientists and stakeholders wonder howmuch
they should trust what the models predict regardless of accuracy
(Meske and Bunde, 2020; Ribeiro et al., 2016). This problem developed
the idea of XAI and various tools, namely, interpretable machine learn-
ing (Murdoch et al., 2019). XAI aims to develop tools for enhancing the
interpretability of complex machine learning algorithms without
sacrificing accuracy (Carvalho et al., 2019). XAI has been gaining popu-
larity rapidly in recent years, and many new interpretable machine
learningmethods have been proposed, reviewed, and applied in various
scientific fields recently (Boehmke and Greenwell, 2020; Molnar, 2019;
Murdoch et al., 2019; Ryo et al., 2021).

Most interpretable machine learning methods are categorized in
model selection, method generality, and explanation scale (Adadi and
Berrada, 2018;Molnar, 2019;Murdoch et al., 2019). Firstly,model selec-
tion is either model-based or post-hoc. Model-based means that a ma-
chine learning algorithm used for the study is rather simple and
directly interpretable (e.g., decision tree and generalized additive
model), while post-hoc means that a complex machine learning algo-
rithm (e.g., random forests and gradient boosting) is used for the
study. Then the fitted model is analyzed with some statistical methods.
Secondly,method generality is eithermodel-specific ormodel-agnostic.
Some methods can be used only for the corresponding algorithm
(e.g., Gini importance for tree-based algorithms), but many methods
are developed and can be used for any algorithm, so-called model-
agnostic. Thirdly, explanation scale is either global or local. Global
means interpretingwhat themodel learned from the entire variable dis-
tribution (e.g., if predictor X is positively associated with the response).
Local means interpreting the rationale behind every single prediction
given by the model (e.g., the model predicts this plant is sick, but why
does it predict so?). Note that different terminology may also be used
for method classification in other studies because the XAI domain is
still at emergence and dynamic.

2.2. Dataset

I use the global dataset for crop production under conventional till-
age and no-tillage systems, which are openly available from Su et al.
(2021). The dataset contains paired yield observations comparing con-
ventional tillage and no-tillage conditions for eight major staple crops
in 50 countries. The dataset reports crop yield, crop growing season,
management practices, soil characteristics, and key climate parameters
throughout the experimental year.

Conventional tillage is a tillage system using cultivation as the pri-
mary means of seedbed preparation and weed control with emphasis
on soil preparation, including a sequence of soil tillage, such as plowing
and harrowing, and the removal of most of the plant residue from the
previous crop (OECD, 2001). No-tillage (also zero tillage) is a minimum
tillage practice where the crop is sown directly into the soil not tilled
since the harvest of the previous crop, weed control is achieved by
using herbicides, and stubble is retained for erosion control (OECD,
2001). No-tillage is recognized as one of the key conservational agricul-
tural strategies without compromising crop yield (Phillips et al., 1980),
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Fig. 3. Study framework for novel pattern discovery using interpretable machine learning
methods after implementing machine learning algorithms (i.e., post-hoc analysis). LIME:
Local Interpretable Model-Agnostic Explanations.
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but this statement is controversial. A recent global meta-analysis study
synthesizing 678 studies across 50 crops with 6005 paired observations
concluded that no-tillage reduces crop yield by 5%, and especially the
negative impact of no-tillage was the largest for maize (−7.6%)
(Pittelkow et al., 2015).

As a case study, I analyzed maize. Although the largest negative ef-
fect was found for maize, it is just a global average across various condi-
tions. I hypothesized that the effect of no-tillage can be positive under
some conditions, and the conditions can be identified using interpret-
able machine learning. If the conditions were discovered, our scientific
knowledge would improve: “On average, no-tillage reduces maize
yield; however, no-tillage can increase yield if the condition is….” I an-
alyzed the relative yield change in maize (%) that was quantified by
comparing no-tillage to conventional tillage in a paired experimental
setup.

the most dominant crop type in the dataset with global coverage
(n = 1271; Fig. 2a). A relative change in crop yield from conventional
to no-tillage was random (Fig. 2b; mean = −0.02, standard deviation
= 0.25; note that the extreme values of 97.5th percentile or higher
were removed), indicating that whether no-tillage increases or
decreases crop yield compared to conventional tillage is quite contro-
versial.Withmachine learningmodeling, I explored underwhich condi-
tions the effect tends to be positive.

2.3. Modeling

A relative change inMaize crop yield from conventional to no-tillage
was regressed with 17 variables: Crop yield under conventional tillage
as baseline (Yield_CT) [kg/ha]; latitude and longitude of experimental
sites accounting for spatial dependence [degree]; Years since no-
tillage started accounting for lagged effect (Years_NT); crop rotation
with at least three crops involved in conventional tillage and no-
tillage for temporal dependency (Crop_rotation_CT and _NT) [yes/no];
soil texture (ST) [seven categories related to sand, silt, clay composi-
tion]; soil cover (Soil_cover_CT and _NT) [yes/no/mixed]; weed and
pest control (Weed_pest_control_CT and _NT) [yes/no]; Precipitation
and potential evapotranspiration over the growing season and their dif-
ference for water availability (P, E, PB, respectively) [mm]; average,
maximum, and minimum air temperature during the growing season
(Tave, Tmax, Tmin, respectively) [degree Celsius].

The modeling process is illustrated in Fig. 3. The sample (n= 1271)
was split randomly into a training and test dataset (80:20 split). Four
machine learning algorithmswere used: linearmodelwith AIC stepwise
variable selection, decision tree (conditional inference tree; Hothorn
et al., 2006), random forests (Breiman, 2001b), and gradient boosting
(Friedman, 2001). The former two algorithms are relatively simple
Fig. 2. Collection of experiments comparingMaize crop yield in conventional and no-tillage con
no-tillage relative to conventional tillage. Data is available from Su et al. (2021), and extreme v
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models with highmodel-based interpretability. The latter two are com-
plexmodels combining 100–10,000models (weak learners), and there-
fore they require post-hoc interpretable methods for understanding
model behavior. These four models were compared to show how the
models learn differently. Note that the interpretable machine learning
methods I introduce can be used with any other machine learning
methods like support vector machines and artificial neural network.
A 5-fold cross-validation was employed for finding the best
hyperparameter set for decision tree (mincriterion = 0.01), random
forests (mtry = 12) and gradient boosting (n.trees = 1000, interac-
tion.depth = 3) in terms of root mean squared error (RMSE). Model
performance was evaluated with R-squared (R2) and RMSE.

2.4. Interpretable machine learning methods

I use a set of post-hoc,model-agnosticmethods (3 global and 1 local)
so that model behavior can be compared among algorithms in a stan-
dard way: Permutation-based variable importance (global), pairwise
interaction importance (global), partial dependence plot (global), and
LIME local variable importance (Fig. 3).

Permutation-based variable importance measure: This is a measure
to rank the relative importance of predictor variables for prediction. The
fundamental idea is that if one randomly permutes the values of an im-
portant variable in the training data, the model performance would
ditions (n=1271): (a) experimental site distribution and (b) histogram of yield change in
alues (97.5 percentile) were removed.



Fig. 4. Model performance.
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degrade because permutation destroys the relationship between the
variable and the response variable (Breiman, 2001b). The larger the
loss in model performance, the larger its importance. The importance
measure is based on the difference between a baseline performance
measure (R2 in this study) and the same performancemeasure obtained
after permuting the values of a particular variable in the training data.
To account for random variability due to permutation, I calculated
permutation-based importance thirty times and took an average.

Pairwise interaction importance: This measure is used to quantify
the strength of two-way interaction effects that affects model predic-
tion. The fundamental idea is that if a certain variable pair (Xi, Xj) has
a strong interaction strength, the modeled association between Xi and
the response variable would strongly depend on the other variable's
value, Xj. I used the method in Greenwell et al. (2018). It evaluates
how much the flatness of the modeled association of Xi to the
response variable changes by changing the value of Xj, calculating the
standard deviation of a flatness score. This procedure is also done by
flipping Xi and Xj to take an average. Another popular approach for
quantifying interaction strength is Friedman's H-statistic (Friedman
and Popescu, 2008). But, I did not use this approach because
Greenwell et al. (2018) warned that Friedman's H-statistic may not ad-
equately discover strong interactions (yet, Greenwell et al. did not argue
any potential reasons).”

Partial dependence plot: This method helps visualize the modeled
association between a subset of the predictors (conventionally, 1–2 var-
iables) and the response while accounting for the average effect of the
other predictors in themodel (Friedman, 2001). To estimate the associ-
ation of Xi with the response, the model gives predictions given a fixed
value of Xi while changing the values of all the other predictors available
in the training dataset. This procedure is done for the entire range of Xi. I
refer to the method (Greenwell, 2017), while many other approaches
are available. This is because Greenwell (2017) offers the pdp package,
the most generalized implementation in R with a clear documentation
for practical usage.

LIME variable importance: LIME stands for Local Interpretable
Model-agnostic Explanations (Ribeiro et al., 2016), a technique to eval-
uate the variable importance for each prediction. LIME assumes that
even though a complex machine learning model shows a nonlinear,
non-additive behavior, the behavior can be approximated with a sim-
plermodel like a linearmodel (so-called local surrogatemodel). I imple-
mented the version by Molnar (2019). In short, when a prediction is
made with the machine learning model, LIME generates many data
points by slightly perturbing the predicted case. It fits a locallyweighted
linear regression model with L1-regularization to the points where
weights are based on their proximity to the predicted case. Then, the
variable importance of the linear model is reported. In this study, I
used the Canberra distance with the kernel width of 2 because of a
good model fit, while other distance measures with a different width
can be used.

2.5. Programming language and reproducibility

All data handling and analysis were done in R version 4.2.1 (R Core
Team, 2022) with the following libraries: For data handling and visual-
ization, tydiverse (Wickham et al., 2019), patchwork (Pedersen, 2022),
stars (Pebesma et al., 2022), rnaturalearth (South, 2017); for machine
learning implementation, caret (Kuhn, 2008); for interpretablemachine
learning methods, vip (Greenwell et al., 2020), pdp (Greenwell, 2017),
iml (Molnar and Schratz, 2022). The script and data are available in
the GitHub repository (https://github.com/masahiroryo/2022_IML_
Agriculture.git).

3. Results

The model performance revealed random forests as the best algo-
rithm (R2 = 0.42; RMSE = 0.199), followed by gradient boosting
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(0.33; 0.200), decision tree (0.18; 0.225), and linear model (0.11;
0.236) (Fig. 4).

In terms of variable importance, the random forests and gradient
boosting commonly selected yield in conventional tillage as the best
predictor, followed by temperature-related variables (Fig. 5c, d). The
decision tree and linearmodel also selected yield in conventional tillage
as one of the top predictors but regarded it as less important than soil
texture (Fig. 5a, b). On the contrary, random forests and gradient
boosting did not select soil texture within the top ten predictors.

Variable importance was also evaluated for discovering key variable
interactions. Interaction strength was investigated for all possible pairs
among the variables that were selected within the top 3 in variable im-
portance by at least one algorithm (Fig. 5). In total, six variableswere in-
vestigated, accounting for the fifteen pairwise combinations: Yield_CT,
Tmax, Tave, Tmin, ST, Soil_cover_NT. Overall, different algorithms
learned different interactions as important for prediction. The linear
model showed no importance for any pairs because no interactions
were included in the formula (Fig. 6a). Both random forests and gradi-
ent boosting identified the interaction of Yield_CT and Tmax as the
strongest one (Fig. 6c, d). The decision tree selected this interaction
pair as the top 3 (Fig. 6b). The top 3 pairs identified by each algorithm
included one of the top 3 important variables in Fig. 5.

Hereafter, I decided to investigate the effects of Yield_CT and Tmax
more because random forests and gradient boosting selected these var-
iables within the top 3 in variable importance (Fig. 5) and the strongest
combination (Fig. 6c, d). Partial dependence plots were depicted for di-
agnosing how the associations between Yield_CT and relative yield
change were modeled by each of the four algorithms (Fig. 7a). All
models suggest a negative relationship. However, the strength and
curve shape differed among the models. The linear model suggested a
linear relationship, the decision tree suggested a unimodal curve, and
both random forests and gradient boosting suggested a negative but
nonlinear relationship where the slope of the curve gets milder along
with Yield_CT. The models except the linear one suggested no associa-
tion with Yield_CT > 15,000 because the data points were scarce
(Fig. 7c). In terms of Tmax (Fig. 7b), the linear model, decision tree,
and random forests suggested a positive relationship with relative
yield change. Both decision tree and random forests identified a sharp
stepwise relationship around Tmax = 32 (Fig. 7b). Gradient boosting
did not show a clear association.

Two-dimensional partial dependence plotswere depicted to visually
confirm the interaction effects of Yield_CT and Tmax (Fig. 8). All models
except the linear one suggest that relative yield change is conditional to
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Fig. 5. Permutation-based variable importance.

Fig. 6. Pairwise variable interaction importance.
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Fig. 7. Partial dependence plots for Yield_CT (a) and Tmax (b) with the data distributions (c, d).
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both Tmax and Yield_CT. The patterns identifiedwith all models but lin-
ear one show a clear split in the patterns along Tmax around 32° Celsius
and Yield_CT around 5000, suggesting the interaction effect of these
variables. This interaction effect was further confirmed by depicting
Fig. 8. Partial dependence plot (2D). A brighter yellow region (top-left) indicates that crop yield
indicates the opposite. (For interpretation of the references to colour in this figure legend, the
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partial dependence plots of Yield_CT conditional to a Tmax 32-deg
threshold (Fig. 9). It is visible that the association of Yield_CT is stronger
if Tmax is higher than 32°. Note that this interaction pattern could be
identified only by the previous data analysis procedure. It is not
in no-tillage is higher than conventional tillage, while a darker blue region (bottom-right)
reader is referred to the web version of this article.)



Fig. 9. Partial dependence plot of Yield_CT conditional to Tmax value (higher or lower than 32° Celsius). It suggests that relative yield change becomes higherwhere yield in conventional
tillage is lower than 5000, and the maximum temperature is higher than 32°.
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discoverable when only partial dependence plots for a single variable
are investigated, as seen in Fig. 7a.

Until here (Figs. 4–9), the focus was to explain global model behav-
ior to understand what the models learned from the data. However, it
does not explain local model behavior, which is important for answer-
ing what the models consider important when predicting a value
given a specific instance. To showcase a localmodel behavior diagnostic,
I used the LIMEmethod for evaluating the variable importance of a ran-
domly selected local site. The site was an experimentation field in
Rwanda (Fig. 10e), where the value of relative yield change was
−0.239 (Yield_CT = 9200; Yield_NT = 7000). At the site, all models
but the linear one suggested that evapotranspiration (E = 520 mm)
had a positive effect and soil type of clay (ST = Clay) had a negative ef-
fect (Fig. 10a-d). These variables were more important than Yield_CT
and Tmax, the most important variables for regulating the global
model behavior (Fig. 4), indicating that globally important variables
are not necessarily important locally because of context dependence.

4. Discussion

Analyzing the global dataset of maize crop yield as a case study, I
demonstrated how a set of interpretable machine learning tools could
be used for agricultural data analysis. All methods are post-hoc and
model-agnostic, meaning they apply to any machine learning algo-
rithms after training with the data. I used permutation-based variable
importance, pairwise variable interaction importance, and partial de-
pendence plot for global model interpretation. I identified that relative
yield change can be positive where yield in conventional tillage is
smaller than 5000 [kg/ha], and the maximum temperature is higher
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than 32° Celcius. For local model behavior, I used the LIME method, re-
vealing that locally important variables can differ from the global ones
because the conditions are different site by site.Whilemachine learning
applications are increasingly popular in agriculture, they often do not
use these methods or just a few. These methods can be applied for pat-
tern discovery from any structured (i.e., tabular) dataset and test the re-
liability of machine learning methods while addressing nonlinearity,
variable interactions, and context dependency.

The discovered pattern can be interesting for agronomists working
with maize, although explaining the pattern agriculturally is beyond
the aim of this study. The most similar work is a global meta-analysis
of crop yield under conventional and no-tillage conditions (Pittelkow
et al., 2015). Analyzing 6005 paired observations from 678 studies for
50 crops, they concluded that no-tillage reduces yields on average by
5.1%, and the reduction rate was the worst for maize crops (−7.6%;
−2.7% in this study). Pittelkow et al. (2015) also explored some reasons
based on previous reviews and meta-analyses, concluding that maize
yield decreases, especially in cooler climates and areaswith high precip-
itation (Ogle et al., 2012; Rusinamhodzi et al., 2011; Toliver et al., 2012;
Van denPutte et al., 2012).My case study analysis suggests yield can de-
crease in non-hot climates (32° as a threshold), which is in line with
them, while precipitation was not a key factor. However, no previous
studies found yield in conventional tillage as the strongest factor
interacting with temperature: Therefore, this pattern is a new piece of
knowledge discovery. Moreover, a meta-analysis tends to focus on the
effect (positive or negative) on the mean value of the entire (global)
data. Identifying locally specific effects, nonlinear thresholds, and strong
interactions from data is a promising avenue for data synthesis and
exploration.



Fig. 10. Local InterpretableModel-Agnostic Explanations (LIME)method for explaining the variable importance at the randomly selected local experimentation site (red point in panel e;
Bugusera, Rwanda; latitude= 2°21′S, longitude= 30°15′E). Tave: average temperature; Tmax: maximum temperature; E: Evapotranspiration; P: Precipitation; CT: conventional tillage;
NT: no-tillage; ST: Soil type. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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As the next step, an emerging, exciting question can be “why” –why
do the sites with a lower yield in conventional tillage and a maximum
temperature over 32° are more likely to increase Maize crop yield
with no-tillage in comparison to conventional tillage? Here, the user
of interpretablemachine learning needs to communicatewith a domain
expert to explore the potential reasons behind the pattern. If one comes
upwith a potential reason (without supporting evidence), it is so-called
“hypothesis generation”, where the hypothesis can be tested based on
an experiment for causality.

Testing causality is necessary for understanding the mechanism
regardless of the strength of a discovered pattern because machine
learning methods can only explore correlation but not causation (Ryo
et al., 2021). Correlation can emerge without causation, and causation
can also emerge without correlation. Correlation should be carefully
interpreted with the potential existence of any confounding factor. A
strong correlation is useful for prediction as a proxy for any underlying
mechanisms, but caution is needed because this approach is invalid
when the underlying mechanisms change over time (Dormann et al.,
2013).

I believe that XAI and interpretable machine learning can bring sub-
stantial benefits to agricultural science. However, I also elaborate major
caveats. The largest, fundamental question is if we should ever use post-
hocmodel-agnostic methods for explaining complexmodels or just use
simpler models that can be more directly interpreted (Krishnan, 2020;
Molnar et al., 2020; Rudin, 2019). Basically, “explaining themodeled as-
sociations” is not the same as “explaining the real causal associations”
(Lipton, 2018). In particular, high stakes decision making needs inter-
pretable models instead of explaining black box models (post-hoc)
(Rudin, 2019; Rudin et al., 2022). Some post-hoc methods have param-
eters that affect the results, meaning that the explanation changes quite
264
easily. For instance, the LIME method requires the user to specify the
distance measure, kernel width, the number of predictors used, and
the proximity method. The result can differ depending on the setting.
Also, one needs to pay attention to bias in the data. Globally collected
datasets are often biased to information from developed countries or
certain regions. Spatially extrapolating the modeled associations to a
novel environment can be highly misleading, especially when the con-
dition of the predicted environment does notfit in the probability distri-
bution of the training data (Meyer and Pebesma, 2022).

In conclusion, I hope that this article encourages applications of XAI
and interpretable machine learning tools in the agriculture domain. The
script is available, so one can learn how themethodswere implemented
from the code. Opening the black box is a promising next step for AI
applications in agriculture.
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