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The financial well-being of fruit farmers in Chile
and Tunisia depends more on social and
geographical factors than on climate change
Fabian Obster 1,2✉, Heidi Bohle3 & Paul M. Pechan 3✉

Climate change has significant implications for economically important crops, yet under-

standing its specific impact on farm financial wellbeing remains a challenging task. In this

study we present self-reported perceptions of fruit farmers about their financial well-being

when confronted with different climate change factors. We employed a combination of

supervised machine learning and statistical modelling methods to analyze the data. The data

collection was conducted through face-to-face interviews with 801 randomly selected cherry

and peach farmers in Tunisia and Chile. Specific climate change factors, namely increases in

temperature and reductions in precipitation, can have a regionally discernible effect on the

self-perceived financial wellbeing of fruit farmers. This effect is less pronounced in Tunisia

than in Chile. However, climate change is of lessor importance in predicting farm financial

wellbeing, particularly for farms already doing well financially. Social assets, which include

reliance on and trust in information sources, community and science, play an important role

in increasing the probability of fruit farm financial wellbeing in both Tunisia and Chile.

However, the most influential predictive factors differ between the two countries. In Chile, the

location of the farm is the primary determinant of financial wellbeing, while in Tunisia it was

the presence of social assets.

https://doi.org/10.1038/s43247-023-01128-2 OPEN

1 Department of Business Administration, University of the Bundeswehr, Munich 85577 Neubiberg, Germany. 2 Department of Statistics, LMU Munich,
80539 Munich, Germany. 3 Department of Media and Communication, LMU Munich, 80539 Munich, Germany. ✉email: fabian.obster@unibw.de;
paul.pechan@ifkw.lmu.de

COMMUNICATIONS EARTH & ENVIRONMENT |            (2024) 5:16 | https://doi.org/10.1038/s43247-023-01128-2 | www.nature.com/commsenv 1

12
34

56
78

9
0
()
:,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s43247-023-01128-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43247-023-01128-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43247-023-01128-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43247-023-01128-2&domain=pdf
http://orcid.org/0000-0002-6951-9869
http://orcid.org/0000-0002-6951-9869
http://orcid.org/0000-0002-6951-9869
http://orcid.org/0000-0002-6951-9869
http://orcid.org/0000-0002-6951-9869
http://orcid.org/0009-0005-3974-6859
http://orcid.org/0009-0005-3974-6859
http://orcid.org/0009-0005-3974-6859
http://orcid.org/0009-0005-3974-6859
http://orcid.org/0009-0005-3974-6859
mailto:fabian.obster@unibw.de
mailto:paul.pechan@ifkw.lmu.de
www.nature.com/commsenv
www.nature.com/commsenv


Climate change impact on fruit tree yields and farm economic
wellbeing. Climate change can impact crops, with yields of many
important crops projected to decline in the future1,2. Increases in
temperature, in particular, can reduce yields of major crops
worldwide3. Such climatic impacts can and will have a detri-
mental effect on food availability and its nutritional value4.
Because of its nature, much of climate change agricultural
research is crop, region or country-specific. While there have
been numerous investigations into the effects of climate change
on various crops, the studies have tended to focus on wheat, rice,
corn, and soybean, primarily grown in Asia, Europe and North
America3. Unfortunately, there has been a lack of assessments
regarding the vulnerabilities of fruit crops in the regions that we
are interested in, namely North Africa and South America. In
particular, no information is available on the extent climate
change factors impact not only the fruit yields but also the overall
financial wellbeing of farms.

In this paper we focus on the effects of climate change on crops
that have an important nutritional and monetary value in Chile
and Tunisia: cherry and peach fruit tree5,6. Both crops are
sensitive to climate change damage, with reproductive organs
being particularly vulnerable to climatic impacts, leading to a
reduction in the quantity and quality of harvestable fruit7–9.
Increases in winter temperatures can affect fruit tree chill
requirements resulting in changes of bud, flower and fruit
set10–14. Similarly, elevated temperatures during fruit set and
development can lead to changes in fruit growth and
maturation9,15,16. Combined with reduced water availability, high
temperatures can affect both fruit yield and quality7,17,18. These
effects can vary between fruit tree cultivars and species.
Additionally, extreme events (hail, wind, frost) have also been
observed to impact the physical environment and cause fruit crop
damage7,19–21. These climate events are region-specific, affecting
food production the crops to varying extents. While climate
change impacts on fruit crop quality and yield can be estimated,
evaluating climate change impacts on farm financial wellbeing is
much more difficult and uncertain22. Yet the ability to predict the
impacts of factors on the farm financial well-being is crucial for
the development of appropriate policy measures that target
factors with the highest monetary impacts.

Use of a hybrid approach to predict farm financial wellbeing.
In this paper, we introduce a novel hybrid approach that com-
bines machine learning and generalized linear models to address
this challenge of predicting farm financial well-being. Traditional
economic climate change impact models typically estimate effects
of climate change on crop yields using climate and crop simu-
lation models, and then translate this information into likely farm
financial performance. However, these analyses are based on a
number of assumptions that seldom take a combination of
adaptive measures, socio-economic and other factors, such as
regional differences, into consideration23. One of the most often
used economic models measuring impacts of climate change on
agriculture is the Ricardian approach that focuses on the land
value and agricultural revenue24,25, with cross-sectional and panel
regression analysis as the analytical tools of choice26. Whatever
the approach and type of analysis performed, the omission of
variables that may directly or indirectly affect crop/farm incomes/
revenue makes climate change financial impact assessments
highly uncertain. In classical statistics, regression analysis can
have predictive powers. But there are situations where regression
analysis is not sufficient to handle the generated datasets or the
specific questions to be answered or where the assumption of the
existence of a linear function between independent and depen-
dent variables doesn’t hold. This is especially the case when
complex variable interactions are present in the dataset. And this

is where machine learning becomes a useful tool that complement
traditional statistical analysis27–29.

Machine learning offers the ability to analyse large datasets and
many variables simultaneously, reducing the chance that
important variables are left out of the data analysis process. It
comes thus as no surprise that machine learning has vast
potential to analyse big data in agriculture30–37, especially when
considered in combination with other research domains, such as
climate change38–41. However, tackling agricultural problems is
complex. For example, whether a new crop variety actually
provides better yield and farm income under certain climatic
conditions is potentially dependent not only on its genetic traits
but also on many other factors, such as those related to
biophysical and farm management issues42. This means that
complex and deep interactions could exist in the datasets. Such
data can become quickly difficult to properly analyze using
classical statistical approaches. The resulting datasets, just for one
farm, could encompass millions of data point combinations.
Importantly, analysis of such data can provide answers as to
which variables, from the millions of possible combinations, are
associated and important for the outcome variable - in our case
financial well-being of a farm. This is where the power of machine
learning can be explored to its full potential36,43. By including not
only biophysical variables such as microclimate effects, soil
structure and quality, but also socio-economic variables, such as
land use, urban-farm water accessibility, farm size, demographic
data and access to markets, machine learning enables analysis at
every step of the agricultural value chain32,44,45. Thus the
usefulness of machine learning is evident not only when
considering ultimate outcome variables, such as the financial
well-being of a farm, but also to assess whether adaptive measures
were effective in maintaining or increasing crop yield under
certain climatic conditions, provide information on the relative
importance of an intervention for a desired outcome and
generally help with future predictions and strategies38,40,46–48.
However, the interpretability of machine learning models,
especially complex algorithms like

support vector machines, deep neural networks, and random
forest or boosted trees, can be limited. Although there are post
hoc interpretability methods to approximate the functioning of
such black box models, there is no straightforward way of
understanding and interpreting the exact processes leading to the
outcome. This is potentially a major drawback for research
questions that aim to deepen the understanding of the processes
or factors associated with the desired outcome.

To overcome this problem, we introduce herein a hybrid
method that combines analysis of datasets based on generalized
linear models combined with strategies from machine learning,
such as cross-validation and boosting and group-variable
selection. The output of this approach preserves interpretability,
respects the group structure of the data and is still competitive
with state-of-the-art machine learning algorithms. Detail infor-
mation about this strategy can be found in the data analysis
section of this paper. Use of this hybrid model has allowed us to
effectively address our research objectives.

Research objectives. The primary objective of this paper is to
assess the potential impact of climate change on the financial
well-being of fruit farms. To achieve this, we relied on farmer self-
reporting about the past experiences with climate change and
examined whether these experiences had any bearing on the
financial performance of their farms. The information was col-
lected through face-to-face interviews. It is important to note that
because it was the farmers who provided the information for
subsequent data analysis, we are in effect, reporting herein on
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farmer´s perceived financial well-being. Perception in the context
of this paper refers to how individual farmers interpret, assess and
experience climate change information. Their perceptions may be
influenced by sensory observations as well as their previous
memories, knowledge and expectations of climate change.

To address the complex nature of the datasets, which includes
many grouped and single independent variables, we employed a
combination of classical statistical analysis and machine learning
techniques. This approach allowed us to consider the high
dimensionality of the data and determine the relative importance
and predictive power of both individual and grouped indepen-
dent variables in relation to the outcome variable.

In this paper, we aim to answer three basic research questions
based on farmer self-reporting. First, we investigate whether
climate change has a discernible impact on how well fruit farmers
are doing financially. Second, in cases where climate change is not
important for the farm financial well-being, we explore what
other factors may influence this outcome variable. And third, we
examine the potential effects of factor interactions on farm
financial well-being. By addressing these questions, we seek to
enhance our understanding of the relationship between climate
change and farm financial well-being.

Results
Climate change effects on farm financial well-being. First, we
evaluated whether experiencing climate change had any impact
on farm financial wellbeing. Decreasing rainfall and increasing
temperatures were associated with reduced farm financial well-
being (Fig. 1). Combined, farmers in Chile and Tunisia, who have
experienced reduced rainfalls, were significantly less likely to do
financially well than farmers who did not experience reduced
rainfalls (0.635, p= 0.020). To a lesser extent, increases in tem-
perature in the two countries also resulted in the likelihood farms

to do financially well (0.751, p= 0.11). Increasing drought fre-
quencies and extreme weather experiences had no significant
impact on farm financial well-being in any of the regions studied.
The effects of increasing temperatures or decreasing rainfall were
more discernible in Chile than Tunisia. Thus negative experiences
with certain climatic factors lowered in some cases farm financial
well-being, with the provision that the effects of the negative
experiences may be country-specific.

Second, we investigated to what extent financial damage to
crops, caused by specific climate change impacts, is associated
with overall financial farm well-being. The results indicate that
farms that performed financially well, the odds were that only
decreasing rainfall-associated income impacts were significantly
associated with farm-high well-being (0.568, p= 0.002 for Chile
and Tunisia combined, 0.434, p < 0.001 for Chile). Farms that
were not doing financially well, the odds were that higher
temperature-associated income impacts were significantly asso-
ciated with farms low wellbeing (2.119, p= 0.021 for Chile) and
more frequent drought (2.457, p < 0.001 for Chile and Tunisia
combined, 2.623, p= 0.003 for Chile and 2.385, p= 0.006 for
Tunisia). Decreasing rainfall, especially in Chile, seemed to be
somewhat relevant for explaining low well-being farms. It is
noteworthy that although experiencing drought was not sig-
nificantly associated with low or high financial well-being, the
financial impacts of drought tended to be significantly associated
with farm financial well-being.

Variables important for farm financial wellbeing. The sparse
group boosting (sgb) algorism allowed the model to choose
between individual and grouped independent variables for the
predictive modeling (Fig. 2). Arrow directions indicate the added
effect size (log odds) of all variables within one group on the farm
financial wellbeing, resulting in a latent variable. For high

Fig. 1 Effect of experiences with climate change and crop financial damage on financial wellbeing of a farm in Chile and Tunisia. Confidence intervals of
the Odds-ratios (OR), based on logistic regression (see Supplementary Tables 4 and 5 for more data).
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financial well-being, upward pointing arrows indicate that an
overall increase of group variable values lead to an increased
probability for high financial well-being, while downward
pointing arrows indicate a decreased probability of high well-
being. Similarly, for low financial well-being, an arrow pointing
upward means that increases in the group variable values increase
the probability of low well-being. Thus higher/increasing social
assets will increase the probability of farm high well-being. Note
that no arrows were added for nonordinal variables or groups of
variables.

Generally, variables not related to the climate change factors
were comparatively more important for predicting farm financial
well-being. Thus the most important predictors of farm high
financial well-being, common both to Chile and Tunisia, are
social (reliance on/use of information, trust in information
sources, community, science or religion) and biophysical (farm
size, water management systems used on the farm, diversity of
crops used) assets, as well as one individual variable, years of
owning the farm (Fig. 2). The latter two tend to have a negative
effect on farm financial wellbeing. Natural assets (regional
differences) are important predictors almost exclusively only for
Chile, where farms in Central Chile tend to exhibit higher
financial well-being. Prior farm ownership and the human asset
group (including education, age, gender, and knowledge) are
important factors specific for Tunisia only. The most important
predictors of farm low financial well-being, common both to
Chile and Tunisia, are regional differences, income impact and
economic asset groups, where for example increasing farm debt
and reliance on orchard income increase the likelihood of farm
low well-being. A number of factors are associated with the
likelihood of farm low well-being in Tunisia only: these are the
length of farm ownership, drought, social and biophysical assets
groups, and varieties grown. The latter three are associated with
increased likelihood of reducing low financial well-being. For
Chile only, the important individual factors are use of a well and
years of farm management. The more farms use wells, the less
likely will they exhibit low financial well-being, whereas longer
the farmer is managing the farm, higher the likelihood of low

financial well-being. Factors unique to Chile are not very
important variables.

Note that some factors are important predictors of both high
and low financial well-being, just with oposing effect. For
example, increased well usage in Chile increases the likelihood
of high well-being while decreasing the likelihood of low well-
being. In Tunisia, prior family ownership decreases the likelihood
of high well-being while increasing the likelihood of low well-
being. The exception are biophysical assets, that decrease the odds
for high wellbeing and also decrease the odds for low wellbeing,
indicating using biophysical assets, like adaptive measures, are
only useful to help farmers with low financial wellbeing.

Variable interactions affecting farm financial wellbeing. We
have examined whether interactions between independent vari-
ables may change the model outcomes vis a vie financial well-
being of a farm (Fig. 3). Even though the model that included
variable interactions was not as predictive as the model including
only additive effects (Table 1), the importance of each interaction
still showcases interesting and important inter-dependencies in
the datasets. One outcome is that the region variable seems to be
less important when other interactions are considered. Interac-
tions within and between social and human assets seem to be
relevant for the farm’s financial well-being, especially those
related to use of information and trust. Interactions that involve
adaptive measures, current assessment of climate change as well
as education are also of relative importance. Such interactions
point to inter-dependencies between variables and to likely con-
founding and mediating effects of certain variables.

Figure 4 provides information about some noteworthy
interactions that can affect farm financial well-being. Without
the use of newspapers as a source on information the probability
of high well-being drops in Chile and Tunisia when temperature
increases or precipitation decreases (Fig. 4, top left). However,
when farmers used newspapers, financial well-being in Chile and
Tunisia is not markedly reduced by increasing temperatures or
decreasing precipitation (Fig. 4, bottom left). Indeed, use of

Fig. 2 Most important variables contributing to farm financial well-being. Sparse group boosting model for Chile and Tunisia and high and low financially
performing farms separately. Central Chile was associated with higher financial wellbeing compared Southern Chile and Northern Tunisia slightly higher
than Central Tunisia.
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newspapers increased the probability of farm financial well-being
irrespective whether or not temperature increases or precipitation
decreases: the use of newspapers eliminated any negative effect of
reduction in precipitation or increases in temperature on doing
financially well. A similar effect was observed for trust in industry
(Fig. 4, top right and bottom right). Farmers, especially in
Tunisia, who trusted industry as a source of information, were
more likely to do financially well than farmers who did not trust
industry, regardless whether or not they experienced a reduction
of precipitation. However, the effect of increasing temperatures
on high wellbeing seems to be unchanged by trust in industry in
Tunisia while in Chile, trust in industry, compared to no trust in
industry, intensified the negative effect of temperature increases
on financial farm wellbeing.

Trust in media, use of industry information and farm financial
well-being indicate that farmers, regardless of their country of
origin, who did not trust media and did not use information from
industry had the lowest probability of doing financially well
(Fig. 5, top left). Farmers who did trust media sources but still did
not use industry information, performed financially substantially
better. Farmers with the highest probability of doing financially

well were those that trusted the media and used industry
information, where the trust factor acted synergistically with the
use of information. The importance of trust for financial well-
being can be illustrated with the effect

of trust in industry, experts and government. Thus, trust in
industry acted synergistically with trust in experts (Fig. 5, top
right) as did trust in government and trust in industry (Fig. 5,
bottom left).

In all cases, farmers that trusted industry, experts or the
government were more likely to be financial well off than farmers
who had no trust in their information sources. Other interactions,
for example, education and use of media also have a positive
modifying effect on farm financial well-being in Chile but not in
Tunisia: educated farmers who used media tended to be more
likely to do well financially than farmers with low education
(Fig. 5, bottom right).

Discussion
Previous studies have highlighted the detrimental effect of indi-
vidual climate change factors on crop yields and farm
income3,47,49–53. Our research contributes to these findings by

Fig. 3 The most important interacting variables for farm financial wellbeing. Component-wise boosting model for Chile and Tunisia combined.

Table 1 Predictive power for farm financial high and low well-being.

Accuracy wellbeing Sgb mb Mb int glm rf nn gbm

Chile High 0.65 0.675 0.642 0.733 0.575 0.683
Chile Low 0.833 0.833 0.833 0.842 0.833 0.817
Chile & Tunisia High 0.71 0.693 0.685 0.618 0.734 0.556 0.705
Chile & Tunisia Low 0.809 0.809 0.822 0.817 0.822 0.793
Tunisia High 0.595 0.579 0.545 0.645 0.529 0.57
Tunisia Low 0.76 0.744 0.736 0.769 0.529 0.727
AUC wellbeing Sgb mb Mb int glm rf nn gbm
Chile High 0.655 0.717 0.687 0.757 0.603 0.727
Chile Low 0.830 0.802 0.676 0.837 0.642 0.773
Chile & Tunisia High 0.733 0.723 0.731 0.627 0.796 0.619 0.758
Chile & Tunisia Low 0.763 0.733 0.637 0.746 0.721 0.735
Tunisia High 0.663 0.661 0.537 0.710 0.616 0.658
Tunisia Low 0.596 0.562 0.579 0.614 0.492 0.579

The accuracy and Area Under the Curve (AUC) of all fitted models was evaluated on the test data from Chile and Tunisia. For corresponding receiver operator curves (see Supplementary Fig. 2). For
abbreviation explanation, see Methods - Choice of predictive models for data analysis.
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showing that climate change factors, when analyzed concurrently,
impact fruit farm financial well-being to different extents.
Whereas odds are that increasing drought and reduction in the
amount of rain will negatively affect fruit farm financial well-
being, especially in Chile, extreme climatic events do not seem to
play such a role. Thus, while farmers have discussed possible fruit
damage due to frost or hail events54, such events do not appear to
affect the mid to long-term farm income prospects. Indeed, fruit
farmers are more likely to be concerned about drought issues
(and consequently future water availability)54, reflecting findings
herein showing that the increasing frequency of droughts had a
negative effect on farm income and farm financial wellbeing.

Contrary to expectations, our analysis reveals that climate
change is, compared to other factors we investigated, not the most
important factor for predicting fruit farm financial wellbeing. In
Chile, farm location emerged as the strongest indicator of farm
financial well-being, with farms in central Chile doing better than
farms in Southern Chile. In Tunisia, farms that have been in
family possession for multiple generations, did worse financially.
Chile and Tunisia also shared a number of important predictors.
In both Chile and Tunisia, access to information and trust of
information sources are more important than climate change in
predicting farm financial well-being. These shared factors are
useful to predict both financially high and low-performing farms:
better the information access and more trust there is in infor-
mation sources, better the farm financial performance and vice
versa. On the other hand, climate change-related factors do play a
more important role for farms not doing financially well.

As predictive factors differ between farms doing financially well
and those experiencing financial hardship, policymakers or
farmers need to employ different strategies depending whether
they wish to focus on maintaining or improving fruit farm
financial performance. An argument can be made to focus on
factors important for improving farm financial well-being as
financially healthier farms are more likely to be resilient against
climatic impacts48,55. Furthermore, synergistic effects and inter-
actions between factors can affect their individual or combined
importance for farm financial wellbeing. It is important to note
that inter-dependencies between factors can motivate farmers to
respond to climate change56. In this respect, the specificity of
some factors implicated in fruit farm financial wellbeing advo-
cates for collecting extensive regional rather than country-wide
datasets.

Although our findings presented herein indicate that climate
change currently is not important for predicting fruit farm
financial wellbeing, the situation may change in the future. This is
evident from climate change trends analyzed in this paper: the
odds are that with higher temperatures and less precipitation fruit
farm financial performance may decrease. Temperature predic-
tions indicate continuing increases of winter night temperatures
in Tunisia and Chile in the future14,57. This will lead to winter
chill deficits and potential problems with fruit tree phenology
necessitating changes in the types of fruit trees grown. Similarly,
reduced precipitation and water availability in Tunisia has serious
implications for the future of fruit trees in that country58. Much
of the irrigation water for fruit trees comes from underground

Fig. 4 Probability for high financial well-being of the farm. Comparisons based on an interaction between country, climate change factors, use of
newspapers and trust in industry.
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aqua ducts. If they are depleted or become saline, farmers in
Tunisia may face major crop yield loses. In Chile, reduced water
flow from the Andes, increasing urbanization and inappropriate
crop use could create water distribution bottlenecks59,60. These
latter predictions are in agreement with farmer climate predic-
tions for the future: most worry about the effects of drought and
water availability (63 > 54). Ensuring general access to water,
beyond relying solely on rainfall, is critical for adequate irrigation
and reducing drought exposure. Resolution of these problems will
require the implementation of specific adaptive measures that will
reduce the future vulnerability of fruit farms to climate change,
measures that farmers and governments need to be willing to
pay55,61. Policymakers must enact regulations to guarantee fair
and sufficient access, distribution, and use of limited water
resources among all stakeholders. Furthermore, policymakers
should provide fruit farmers with effective, affordable, and
accessible resources and tools to enhance farm adaptive capacity
and reduce vulnerability to drought, such as sustainable irrigation
systems, insurance schemes, crop alternatives, and farm man-
agement training54. When it comes to communication efforts to
convince stakeholders to adapt the necessary protective measures,
policy makes must keep in mind that climatic impacts may not be
a primary risk to farm financial wellbeing. Indeed, due to the
current conflict in the Ukraine and Covid aftermath, costs asso-
ciated with adaptive measures are likely to become a dominant
concern of many farmers around the world. It is also worthwhile
to remember that more media coverage does not necessarily

influence farmer perception of climate change: we found no
substantial association between use or trust in media and farmer
perceptions of climate change. Similarly, if farmers trust or use
media as their source of news, they don’t necessarily think that
precipitation decline is bad for farm financial well-being.

To our knowledge, this is the first instance of using a hybrid
modeling approach combining statistical models with machine
learning techniques to analyze data in a much more complex and
integrated manner. Using this approach, our aim was to improve
predictability while maintaining interpretability. We found that
statistical models, utilizing limited datasets that reflect the
requirements of relevant theories, can be used to make adequate
predictions about the relationships between climate change,
intervening variables, and the outcome variable. However, we
have also shown that by combining statistical models with specific
machine learning methods, such as boosting and cross-validation,
we were able to substantially improve the predictability of the
(generalized linear) statistical model. This hybrid model can still
be interpreted through variable importance and odds ratios, but
classical inference based on F and t statistics is not valid for
variables selected through a data-driven process62. Predictive
modeling provided new insights into data relationships that can
serve to generate and test new hypotheses by classical statistical
means. Even though the random forest (a typical black box
model) outperformed the sparse group boosting model, we
believe that this improvement generally does not compensate for
the loss of interpretability. With a similar analysis methodology,

Fig. 5 Probability for high financial wellbeing of the farm. Comparisons based on an interaction between country, trust, use of information sources and
education.
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neural networks marginally outperformed logistic regression63.
The predictive sparse group boosting and component-wise
boosting models were ultimately chosen for the current data
analysis. The former model provided evidence of regional or
supra-regional variables that are important for predicting whether
fruit farms will perform financially well. The latter model revealed
that the interaction between various variables and farm financial
well-being, as the outcome variable, is not a simple one-to-one
relationship. Rather, certain variables, such as trust and use of
specific information sources, appear to have a modulating effect
on variables that may directly affect the outcome variable.

Conclusions and future considerations. Our research underlines
the usefulness of the hybrid analytical approach and highlights
specific climate change factors that impact fruit farm financial
wellbeing while emphasizing the significance of other influential
variables. Policymakers, stakeholders, and researchers can utilize
these findings to develop targeted strategies and adaptive mea-
sures to support fruit farmers, reduce their vulnerability to cli-
mate change while enhancing the financial stability.

Our experience with the hybrid model indicates that, especially
when it is necessary to balance predictive improvements (usually
requiring larger datasets) with loss of model interpretability, the
research questions and the modeling tools available will dictate
the extent and complexity of the data to be collected, whether the
focus should be on regional or supra-regional datasets and the
type and depth of analysis that can be performed. Machine
learning provided the opportunity to include a broader range of
independent variables with substantially better predictability of
farm’s financial well-being and clarity of data presentation than
offered by traditional regression analysis. We believe that,
through group-component-wise boosting of generalized linear
models, our hybrid approach can generate useful predictions in
high dimensional settings, while still preserving basic interpret-
ability, like variable importance and odds ratios. This way, new
hypotheses and models can be generated, left to be validated or
rejected by future research. The key challenge for future studies
will be to find the correct balance between a theory-based
approach, where a limited number of likely relevant variables are
included in the survey design and resulting datasets, and a black-
box approach that relies on deep mining of the largest possible
number of data points.

Our results indicate that self-reporting of changes in
temperatures and precipitation within the last ten years generally
reflect the meteorological observations over the past 30 years.
Farmer’s perceptions and self-assessment are thus a valid tool to
investigate the linkage between climate change and other factors,
such as farmers’ perception of financial well-being as an outcome
variable and ultimately allows investigation into the influence of
perceived financial well-being on farmer behavior. It is, however,
important to note that the perception of farm well-being is not
the same as using actual financial performance data from farms
or regions to assess its impact on farmer behaviour. Future
research should consider collecting actual farm financial data and
conducting comparative studies with self-assessment data col-
lected from face-to-face interviews with farmers. The relatively
small size of the resulting dataset, based on face-to-face interviews
with 800 farmers, restricted subnational comparisons and
increased the possibility of false selections due to the large
number of influencing variables. However, the project size, the
complexity of the survey and the length of the interview (ca. one
hour), precluded a larger sample size and the number of variables
and items to be investigated.

Fruit farming is an important sector for the economy,
particularly due to high export potential. It is essential to develop

policies that support fruit farmers in improving their financial
well-being and achieving financial stability as the climate changes.
Farmer experiences with climate change is reflected in perception
of their financial well-being but it is factors other than climate
change that are deemed to be more important for farm financial
well-being. Policymakers should thus prioritize supporting and
strengthening farmers’ financial well-being beyond climate
change considerations. Addressing issues such as trust, informa-
tion sharing and targeted communications can contribute to
these goals.

Methods
General agricultural attributes of the study areas. According to
FAO statistical yearbook for 2022, the world value of primary
agricultural production reached USD 2.7 trillion, of which fruits
represented 17%64. World Food and Agriculture- Statistical
yearbook 2022. Rome. doi.org/10.4060/cc2211en). More specifi-
cally, the agriculture and related sectors in Chile represent 24.4%
of total exports, 9% of total GDP, and employs around 10% of
Chile’s labor force65. In Tunisia, agriculture represents 12% of the
country´s GDP, employing 16% of the country´s workforce66. It
is, however, very difficult to obtain up-to-date and reliable
information on the importance of cherry and peach crops for the
economies of Chile and Tunisia. Chile 2022 cherry production
was estimated at 255 711 metric tons, ranking number 6 in the
world67. Majority of the production is exported to China, valued
at over USD 2 billion68. Tunisia 2022 peach production was
estimated at 123 000 metric tons, ranking number 20 in the
world69. Majority of the exported production is destined for the
Gulf states70.

Environmental attributes of the study areas. Four contrasting
geographical and climatic regions were selected for the study, two
regions in Tunisia and two in Chile. In Tunisia, these were the
Mornag and Reueb peach-growing regions. In Chile, these were
the Rengo and Chillán cherry-growing regions.

Tunisia. Mornag, Tunisia, hereafter referred to as Northern
Tunisia, has an elevation of 110 meters and is located approxi-
mately 20 km east of the capital Tunis. The region has a Medi-
terranean climate. Precipitation in Mornag is characterized by a
rainy fall-winter season spanning October and March (ca.
400 mm) and a relatively dry spring and summer (ca. 130 mm).
The coldest month is February with minimum and maximum
average temperatures of 5.5 oC and 16 oC, respectively. The
warmest month is August with average minimum and maximum
temperatures of 22 oC and 34 oC respectively.

Regueb, Tunisia, hereafter referred to as Central Tunisia, has
an elevation of 160 meters and is located approximately 230 km
south of Tunis. It is a semi-arid region characterized by low
rainfall and high temperatures. Most of the rainfall is between
October and the end of March (ca. 210 mm). Spring and summer
are dry (ca.80 mm). The coldest month is January with minimum
and maximum average temperatures of 5 oC and 15 oC,
respectively. The warmest month is July with minimum and
maximum average temperatures of 21.5 oC and 36oC respectively.

Chile. Rengo, Chile, hereafter referred to as Central Chile, has an
elevation of 570 m and is located approximately 110 km south of
Santiago de Chile. The Mediterranean climate in this region is
characterized by rainy, cool, wet winters and hot, dry summers.
Rainfall is concentrated in the winter months between May and
September (ca. 500 mm). Spring and summer tend to be dry (ca.
60 mm). The coldest month is July with minimum and maximum
average temperatures of 0 oC and 10 oC, respectively. The
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warmest month is January with minimum and maximum average
temperatures of 10 oC and 24 oC, respectively.

Chillán, Chile, hereafter referred to as Southern Chile, has an
elevation of 120 to 150 meters and is located approximately
380 km south of Santiago de Chile. The climate of the region is
Mediterranean, with the rainy season occurring primarily during
the winter months. Summers are relatively dry. Most of the
rainfall occurs in the winter between May and September
(ca.700 mm). Rainfall in the spring and summer is ca. 200 mm.
July is the coldest month with minimum and maximum average
temperatures of 0.5 oC and 11 oC. The warmest month is January
with minimum and maximum average temperatures of 10.5 oC
and 25 oC, respectively.

In order to place farmer perceptions in the context of climate
change, we analysed regional Chile and Tunisia climatic data for
the last 30 years (see Supplementary Fig. 1). Changes in
temperatures and precipitation within the last 10 years generally
reflect the meteorological observations over the past 30 years.
Farmer´s perceptions are thus a valid tool to investigate the
linkage between climate change and other factors, such as farmer
´s perception of financial wellbeing.

Data collection: survey methodology and sampling. The data
collection instrument used in this study was a face-to-face survey
with cherry farmers in Chile and peach farmers in Tunisia. A
total of 801 farmers were interviewed, 401 in Tunisia and 400 in
Chile in the fall of 2018 and spring 2019, respectively.

Survey methodology. The questionnaire for the survey was
prepared in English and translated into Tunisian Arabic and
Chilean Spanish. The translated documents were back-translated
into English to check for inconsistencies. The survey was pre-
tested with 12 farmers in consultation with Qualitas Agro-
Consultores in Chile and Elka Consulting in Tunisia. Based on
their feedback, and that of our research colleagues in Tunisia and
Chile, some questions were removed while others were refor-
mulated. The same consultants carried out the face-to-face
interviews. Farmers were asked to answer a combination of
multiple-choice, open, Likert Scale and Yes / No questions related
to climate change and climate impacts on their farms between the
years 2009 and 2018 and to their past, present and planned
adaptive measures. The relevant survey questions and analysed
variables are presented in the Supplementary Tables 1 and 2.

We analysed threat to fruit farms from four different climate
change factors: temperature, precipitation, extreme weather and
drought. Farmers were asked whether any of the factors over the
past 10 years were increasing, decreasing, staying the same or
became unpredictable.

In addition to climate change, there may be groups or
individual farm-related variables that may, by themselves or in
interaction with climate threat, affect farm financial well-being.

● Groups of variables. We have focused our analysis on
groups of farm variables (assets) that may be important for
farm financial well-being. These were:

Natural (geographical regions)
human (education, age, gender, knowledge)
social (reliance on/use of information, trust in information
sources, community, science or religion)
biophysical/manufactured (farm size, water management
systems used on the farm, diversity of crops used, adaptive
measures)
economic (farm debt, farm performance, reliance on
orchard income)

climate experience
income damage

The choice of the above variables was made on the basis of
the five resource/capital sustainability model that addresses
the concept of sustainable wealth creation71,72.

● Individual variables. Above listed grouped variables were
also assessed individually. In addition, other variables were
examined that may, by themselves or in interaction with
climate threat, affect farm financial wellbeing.

● Dependent variable. The question given to farmers that
defines the dependent variable was: “When it comes to
financial matters of your farm operation, how well is your
farm doing?” The variable consists of three categories.
Doing well and very well, neither doing or not doing well
(“neutral”), and not doing well or not well at all.
Throughout the analysis, the financial well-being variable
is coded as two separate variables. We refer to the first
variable as “high well-being” comparing farmers who are
doing well and very well financially with farmers who are
doing neutral or not well (reference category) and the
second one as “low well-being” differentiating between
farmers who are not doing well financially with farmers
who are doing neutral, well or very well (reference
category). This enabled us to differentiate between the
process leading to farmers not doing well and the process
leading to farmers doing well, as the farmers who are
neither doing or not doing well are always part of the
reference category.

Sampling. A list of individual fruit farms in regions of interest
were obtained from respective Ministries of Agriculture. Farms
from these lists were randomly selected for the survey if they
fulfilled the following criteria: farmers had to own the farm,
manage and work on the farm and derive over 70% of their
income from their farming activities. A total of 801 face-to-face
interviews were subsequently conducted with farmers who ful-
filled the preselection criteria – 401 peach farmers in Tunisia (201
in Mornag and 200 in Regueb regions) and 400 cherry farmers in
Chile (200 in Rengo and 200 in Chillán regions). The approxi-
mately one-hour-long interviews were carried out with farmers
directly on their farms. The interviews were carried out after
harvest completion in the fall of 2018 by Elka Consulting in
Tunisia and in the spring 2019 by Qualitas AgroConsultores in
Chile. Guidance was sought from the Department of Commu-
nication and Media Research, University of Munich about the
participation of human subjects in the survey research and sub-
sequent data use. The farm data was collected according to data
collection procedures applicable in each country. Informed con-
sent for the data collection was provided by the survey partici-
pants. No personal identifiable data was collected, assuring full
anonymity. After compiling the data from farmer interviews, the
resultant datasets were checked for errors and integrated into
excel formats for further data analysis.

Data analysis strategy
Research question one: does climate change have an effect on how
well the farm is doing financially?. We used a statistical approach
to determine the effect of independent variables on the farm
financial well-being. As the two outcome variable “high well-
being” and “low well-being “ are binary, we used logistic regres-
sion and analysed the odds ratios as well as associated p-values
and confidence intervals of adaptive measures and past experi-
ence for the outcome.
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Research question two: what factors, other than climate change,
may be important for the financial well-being of a farm?. This
research question imposes a major challenge. There are many
possible influencing variables in the dataset. Some may be rele-
vant for the outcome variable, but others may not. Variables not
related to the outcome variable create unnecessary background
“noise” because generalized linear models tend to over-adapt to
the data (the so-called overfitting) in high-dimensional cases. In
the extreme case, where the number of independent variables is
higher than the number of observations, linear models cannot be
fitted. The solution to this problem is to perform variable selec-
tion, and then include only these variables in the model. The
current practice is to perform this selection based on literature
and expert knowledge. In fact, there is always an implicit variable
selection process based on which such data is collected. However,
one may still end up with a large number of possible influencing
variables. In this situation, the combination of statistics and
machine learning can be used to perform the variable selection.
We used model-based boosting73, but other strategies, such as the
Lasso74 can be utilized. The model-based boosting strategy is to
improve a given model by only adding variables that improve the
overall model the most. The process of adding variables is stop-
ped if a further update would not result in a “better” model.

Importantly, in some instances, grouped variables may be more
important for the model than individual variables. We used sparse
group boosting for this purpose75. In sparse group boosting, the
model can decide between individual variables and groups of
variables. New hypotheses can be generated about the association
of selected variables or groups of variables and the farm’s financial
well-being. Being able to differentiate between the importance of
groups and individual variables may help in designing ques-
tionnaires because if individual variables are more important than
the group, only the important individual variables need to be
included in the questionnaire. This may greatly shorten the
questionnaire without loss of information. Conversely, variable
groups may provide information about variable interactions.

Research question three: Are observed effects on the financial well-
being of a farm the result of moderating effects and/or more
complex relationships between variable?. We analysed (pairwise)
interaction effects of all variables on the financial well-being of the
farm. Interactions of variables were evaluated with the help of
model-based boosting, allowing comparisons of their relative
importance for the outcome variable. Note that if there are p vari-
ables in the dataset, then there are 0.5* p*(p-1) possible interactions
in the dataset, leading to an even higher dimensional noise problem.
However, this brute force method has the potential to identify
important moderation or additive variable effects, and thus increase
our understanding of the processes leading up to the outcome.

Depending on the research question being asked, the complex-
ity of data analysis, as described above, may still not be sufficient.
In such situations, noninterpretable black-box machine learning
models should be used. Comparing the predictive performance of
these machine learning models with the interpretable hybrid and
statistical models gives an indication of the necessary analytical
complexity. If the hybrid model outperforms the black-box model
regarding the predictive power (i.e. delivers better AUC), then
further complexities are not necessary. If the converse is true, the
goal of future research should be to understand how these
complexities can be explained, for example, by using highly
nonlinear relationships or higher-order interactions.

Models used for data evaluation
Statistical models. We used generalized linear models76 to answer
whether interventions had an impact on the outcome of interest.

As the outcome variables were binary, logistic regression was used
to provide odds ratios, the corresponding p-values, and con-
fidence intervals.

Machine learning. We have compared different popular machine
learning models to ensure that the models used for our analysis
were competitive in their predictability. A list of all models used is
given in Supplementary Table 3. In contrast to the model-based
boosting models and the logistic regression, these machine-
learning models do not allow insight into the data.

Hybrid statistical - machine learning-based predictive models. We
decided to use model-based boosting as means to select variables
for the predictive models. The number of boosting iterations was
controlled by 25-fold cross-validation using the training data.
This hyper-parameter controls effect penalization (smoothness)
and regularization (variable selection)73. Variable selection was
completed in under 4000 iterations. The effect sizes, in our cases
the odds ratios, were shrunken to zero through ridge regular-
ization. This makes it easier to interpret the results since only the
most important variables for the outcome must be analyzed and
irrelevant variables are not considered by the model. Since the
influencing variables can be clustered into groups, as described in
the contextual definitions, we used sparse group boosting75 as an
extension of model-based boosting. The chosen approach allows
the resulting model and variables to be interpreted similarly to
generalized linear models77. A possible alternative for this
approach is to use the lasso and the sparse group lasso78.

Model evaluation. 70 percent of the observations in the data were
randomly assigned to the training dataset and the remaining 30
percent were assigned to the test data set for the final evaluation.

Model evaluation was based on the area under the receiver
operator curve, as evaluated on the test data. For the binary
outcome variables, two major performance metrics were
evaluated at every threshold of probability. First, the rate of
correctly identified farms doing well financially, and second, the
rate of correctly identified farms not doing well financially
yielding the receiver operator curve (ROC). The area under the
ROC (AUC) takes both rates into account by considering all
possible thresholds of probabilities computed by a prediction
model. We also computed the Accuracy as additional metric,
which is the percentage of all correctly identified/predicted
farmers in the test data set by a classification model. Even though
this metric does not balance the true positive and true negative
rate in unbalanced data like the AUC, it is used because of its
intuitive interpretation property.

All data analyses were performed using the statistical
programming environment R, visualizations were created with
the R package ggplot279.

Choice of predictive models for data evaluation. We compared
different predictive models to ascertain which model has the best
predictive power and should therefore be used for the data ana-
lysis (Table 1). Except for Chile and Tunisia combined low
financial wellness, the random forest (rf) tended to outperform all
other models for Chile and Tunisia combined as well as for Chile
and Tunisia separately. The overview of ROC curves for selected
models can be found in Extended Data Fig. 2 Boosted decision
trees (gbm) performed similarly to sparse group boosting (sqb)
and model-based boosting (mb). In all cases, neural networks
(nn) performed worse than sgb and mb. Generalized linear model
(glm), which consisted only of experiences with climate change
and its financial impact, had lower predictive properties than sgb
and mb. However, when the glm was fitted with boosting (model-
based boosting-mb), which included more variables related to the
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farm vulnerability to climate change and geographical location,
the accuracy and AUC tended to improve compared to the glm-
only. Including interactions between all independent variables
(mb-int) did not improve the predictive outcomes of model-based
boosting. The results imply that only considering experiences
with climate change and its financial impact as in the glm is not
enough to explain both financial well-being variables. Thus,
additional variables had to be considered. When compared to the
interpretable models, accounting for deep

interactions and complex relationships like the random forest
could, in some cases, result in marginal improvements in
accuracy and AUC predicting high well-being, but for predicting
low well-being the simpler models seem to suffice. Since our
investigation necessitated data interpretation, sgb was chosen for
subsequent data analysis.

Reporting summary. Further information on research design is
available in the Nature Portfolio Reporting Summary linked to
this article.

Data availability
The data for conducting the analysis can be found in the supplement or on github
(https://github.com/FabianObster/pasit_financial_wellbeing).

Code availability
Code for conducting the analysis can be found in the supplement or on github (https://
github.com/FabianObster/pasit_financial_wellbeing).
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