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Absiract—We describe an Al recommender system (RS) with machine learning to harness
past user choices and large volumes of data, yet account for changes in weather and
management decisions characteristic of agricultural systems. Our goal is to maximize the
use of datarelevant to solving agricultural problems and improve the efficiency of the
scientific workforce while also improving the accuracy of estimates of the amount of food
produced. Our example shows how the RS learns data analysis choices from user behavior
for predicting agricultural production responses to rainfall and learns to identify classes of
agroecosystem responses to alternative climate scenarios. We account forchanges in
relationships using spatial and temporal statistics. The RS provides a powerful approach
to make use of the large amounts of data and scientific expertise in the agricultural
enterprise to predict agroecosystem dynamics under changing environmental conditions.
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B PREDICTING AGROECOSYSTEM DYNAMICS al a
location requires an understanding of site his-
tory and potential as well as how the climate
and management decisions may change in the
future.! High-quality data combined with scien-
tific and local expertise are needed as part of the
agricultural enterprise to understand and relate
the components of the system as part of a theo-
retical construct.’ Increasingly, large amounts
and streams of data are becoming available to
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the agricultural enterprise for these predictions,
yet the tools needed to synthesize, integrate,
and assimilate these data under changing cli-
mate and management decisions are limited.
Machine learning (ML) is a powerful class of
tools as long as the training data based on his-
toric patterns represent current or future condi-
tions; however, novel conditions, such as
extreme events or invasive species, are typically
considered outliers and dropped from the analy-
sis. Alternative approaches, such as recom-
mender systems (RS), based on processes
rather than patterns combined with ML
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technologies are expected to be a powerful data-
intensive approach in a changing environment,
such as climate.

RS WITH ML

RS use a broad range of techniques to learn
from past experiences to better inform current
choices (e.g., Han et al.).? In general, a RS will fil
ter all possible options available to recommend
the most suitable solution for the given situa-
tion. The filtering may use training data of previ-
ous users’ interactions (collaborative filtering),
data attributes (content-based filtering), or a
combination. In agricultural research, a RS can
assist with retaining previous data analysis
choices to better inform current ones. For exam-
ple, a RS could accumulate a history of ML meth-
ods used for predicting response variables such
that when the next user aims to predict a
response variable, the RS would provide an
informed suggestion on which ML method(s)
could be applied. Other data analysis choices
throughout the research pipeline (e.g., which
explanatory variables to use) can also be
informed by the RS. By attaching a specialized
RS to each choice along the pipeline, an Al sys-
tem with a RS foundation can be devised to guide
a user through the analysis while adapting to
continuous feedback from the user.

We present recent progress toward an Al sys-
tem to address data analysis challenges at the Jor-
nada Experimental Range site near Las Cruces,
NM, USA (32.5 N, 106.45 W). This Al/ML RS is an
operationalized, updated version of a conceptual
model.? The system relates to learning analysis
choices for modeling agricultural production
responses under alternative climate scenarios
following ML classification of those scenarios.
Data quality and researcher efficiency will be
improved, ultimately leading to reducing uncer-
tainty in estimates of agroecosystem dynamics.
An Al/ML RS is used based on prior users’ deci-
sions and historic training data, but the RS is
adaptive to future choices and novel data that
have not been experienced previously: thus allow-
ing the RS to keep learning through time as cli-
mate and management decisions change.

PREDICTION OF AGRICULTURAL
PRODUCTION

Estimating agroecosystem production (ANPP)
using relationships based on historic ANPP data
with explanatory variables, such as precipitation
(PPT), are likely to over- or underestimate
ANPP under nonstationary climate.>® Alternative
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approaches are needed that allow ANPP
responses to PPT to evolve over time as climate
changes, such as an increase in the frequency of
wet and dry periods. We are developing an Al
system to: 1) identify discrete changes in PPT
patterns, such as breakpoint analysis of wet and
dry periods;’ 2) develop within-period relation-
ships between ANPP and PPT or other explana-
tory variables; and 3) apply this learned behavior
to other ecosystems or research sites (see
Figure 1). Our RS is a hybrid system that uses col-
laborative filtering and content-based filtering in
conjunction with ML algorithms. Users interact
with the system via a web-interface attached to
a repository of R scripts implementing the RS and
ML methods, and to an extensive georeferenced
database of agricultural, environmental, and cli-
mate data.

Our Al system was initially trained on historic
data from 1980-2008 where a sequence of steps
was followed to: first divide PPT into a drought
(2000-2003), wet period (2004-2008), and no-
trend period (1990-1999), second conduct regres-
sions between ANPP and PPT for each period
using alternative forms (linear, exponential,
other nonlinear models); recommend the best
model to the user, and allow the user to select
the model to be used; in the case of drought and
no-trend, a linear model was selected; for wet
years, the RS was unable to fit a line to the points,
third consult the user for additional information
for the wet period; based on user input, conduct
regressions between ANPP and time for the wet
period, and recommend an exponential model as
the best model to the user. Fourth recommend
additional explanatory variables to user, such as
soil texture and temperature, through access to a
colocated database. All user choices (e.g., the
choice of explanatory variable(s), data transfor-
mations, or resolutions of data) are recorded as
feedback to the RS. As the system learns, it can
recommend how to approach similar questions
at different locations (e.g., other shrublands).
Fifth system can be revisited as new climate data
are added through time.

This system is currently being developed to
predict patterns in ANPP for different ecosys-
tems at the Jornada. Ultimately, it will be avail-
able to users at other research sites.

CONCLUSION

A RS with ML provides a powerful data-inten-
sive approach with user input based on processes
rather than historic patterns to handle changing
environmental conditions in agroecosystems.
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Figure 1. RS with ML to predict agricultural production
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