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1. Foreword

This document summarizes the scientific progress of the Arizona team in the World Modelers
program. Note that, despite the name, the Arizona team includes several groups in addition to
the University of Arizona group. In particular, this contract included the Harvard Medical School
(Benjamin Gyori lead), University of Florida (Gerrit Hoogenboom lead), and Uncharted (Bill
Wright and Pascale Proux leads).

The research areas investigated impacted most of the relevant areas of the World Modelers
program: machine reading, assembly, context extraction, top-down modeling, bottom-up
modeling, human-machine interfaces and visualization. The contributions to all these areas are
detailed throughout the report.

Since this is the final report for our participation in the World Modelers program, we would like to
express our deep appreciation for the opportunity to participate in this DARPA program. We
would like to thank DARPA, as well as Joshua Elliott, the program manager.

2. Machine Reading
2.1. Eidos: Machine Reading for Causality

The first key contribution of the machine reading team is the development of Eidos, a rule-based
open-domain |IE system that extracts causal statements from raw text. To maximize domain
independence, Eidos is largely unlexicalized (with the exception of causal cues such as
promotes), and implements a top-down approach where causal interactions are extracted first,
followed by the participating concepts, which are grounded with specific geospatial and
temporal contexts for model contextualization. Eidos also extracts quantifiable adjectives (e.g.
significant) that can be used to form a bridge between qualitative statements and quantitative
modeling.

To understand the top-down approach in Eidos, let us consider the individual steps involved in
processing the following sentence: The significantly increased conflict seen in South Sudan
forced many families to flee in 2017.



(1) We begin by preprocessing the text with dependency syntax using Stanford CoreNLP
(Manning et al., 2014) and the processors library (https://github.com/clulab/processors).

(2) Then, Eidos finds any occurrences of quantifiers (gradable adjectives and adverbs). These
are common in the high-level texts relevant to food insecurity, such as reports from UN agencies
and nonprofits, but they are difficult to use in quantitative models without additional information.
In the example above, the word significantly is found as a quantifier of increased. Delphi (see
section 5) uses these quantifiers to construct probability density functions using the
crowdsourced data of Sharp et al. (2018).

(3) Next, Eidos uses a set of trigger words to find causal and correlational relations with an Odin
grammar (Valenzuela-Escarcega et al., 2016). Odin is an information extraction framework
which includes a declarative language supporting both surface and syntactic patterns and a
runtime system. Eidos’s grammar was based in part on the biomedical grammar developed by
Valenzuela-Escarcega et al. (2018) but adapted to the open domain and our representation of
concepts. This rule grammar is fully interpretable and easily editable, allowing users to make
modifications without needing to retrain a complex model. In the example sentence from earlier,
the extraction of a causal relation would be triggered by the word forced, with conflict and
families identified as the initial cause and effect, respectively.

(4) The initial cause and effect are then expanded using dependency syntax following the
approach of Hahn-Powell et al. (2017). Namely, from each of the initial arguments, we traverse
outgoing dependency links to expand the arguments into their dependency subgraph. Here, the
resulting arguments are significantly increased conflict seen in South Sudan and many families
to flee in 2017.

(5) Relevant state information is then added to the expanded concepts. Representing the
polarity of an influence on the causal relation edge (i.e., in terms of promotes or inhibits) can be
lossy, so Eidos instead uses concept states (i.e., concepts can be increased, decreased, and/or
quantified). In the example above, Eidos marks the concept pertaining to conflict as being
increased and quantified. If desired, the promotion/inhibition representation with edge polarity
can be straightforwardly recovered. The final output of the Eidos system for the running
example sentence, as displayed in the Eidos webapp, is shown in the figure below.


https://github.com/clulab/processors
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Found GeolLocations:

span: 41,52
geoNamelD: 7909807

Screenshot of the Eidos output for the running example sentence, visualized in Eidos’s webapp.

2.1.1. Concept linking

The Eidos reading system, with its top-down approach, was designed to keep extracted
concepts as close to the text as possible, intentionally allowing downstream users to make
decisions about event semantics depending on their use cases. As a result, linking concepts to
a taxonomy becomes critical for preventing sparsity. Eidos’s concept linking is based on word
embedding similarities, coupled with a compositional algorithm that accounts for the
subject-verb-object structure of the event. In particular, a given concept to be grounded is
represented as a 4-tuple, where the slots represent (in order):

e the theme of the concept,

e any property of that theme,

e the process that applies to or acts on the theme, if any, and

e any property of that process.
Each of the tuple elements is encoded using word embeddings and aligned with relevant
taxonomy nodes, e.g., the process text must be grounded to a taxonomy element that inherits
from Process, while the theme is grounded to either a Concept sub-node or Process one.

In practice, Eidos returns the top k groundings, allowing for downstream disambiguation. The
concept linking strategy is modular and allows for grounding to any taxonomy provided

in the human-readable YAML format. With this method, Eidos is able to link to an arbitrary
number of taxonomies, at both high and low levels of abstraction.



2.1.2. Temporal and geospatial normalization

Time normalization. The context surrounding the extractions is often critical for downstream
reasoning. Eidos integrates the temporal parser of Laparra et al. (2018) that uses a character
recurrent neural network to identify time expressions in the text which are then linked together
with a set of rules into semantic graphs which follow the SCATE schema (Bethard and Parker,
2016) and can be interpreted using temporal logic to obtain the intervals referred to by the time
expressions. After the time expressions are identified and normalized, an Odin grammar
attaches them to the causal relations extracted by Eidos. If the document creation time is
provided, it is also parsed by our model and used as the default temporal attachment for those
causal relations without a temporal expression in their close context.

Geospatial normalization. Eidos’s geospatial normalization module (Yadav et al., 2019) has
two components: a detection component consisting of the word-level LSTM named entity
recognition (NER) model of Yadav and Bethard (2018), and a normalization component which
implements population heuristics (i.e., selecting the most populous location (Magge et al.,
2018)) and filters using a distance-based heuristic (Magge et al., 2018).

Please see Section 4 for more details on the extraction of temporal and spatial context.
For more details on Eidos please see the Eidos Wiki: https://github.com/clulab/eidos/wiki.

2.2. Taxonomy Builder

The second key contribution of the machine reading team is contributing to the development of
Taxonomy Builder, a tool that is designed to streamline the taxonomy acquisition process. At a
high level, this is achieved by using automatically gleaned text summarization analytics from the
corpus itself, coupled with the power and expressivity of recent contextualized embeddings, to
suggest candidate concepts to a human user during an interactive session. The user can
accept, reject, or manipulate the suggested concept, then determine where it belongs in relation
to other existing nodes. Taxonomies can be persisted for downstream use or a subsequent
editing session.

In more detail, our approach for rapid data-driven taxonomy generation combines insights from
several layers of text understanding to suggest highly relevant candidate concepts to a user,
who decides how to use them (or not) to build the taxonomy they need. The architecture is
shown in the figure below.


https://github.com/clulab/eidos/wiki
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Node suggestions

Overall architecture of Taxonomy Builder, which combines offline pre-processing steps (the
components in the left panel) with online user sessions (right panel).

Specifically, given a corpus of documents and optionally an existing taxonomy, we assign
salience scores to each sentence based on keyword occurrence. From sentences with a
sufficiently high salience, we extract multi-word expressions (noun and verb phrases) as
potential phrases of interest. These are ranked with respect to each other using an extension of
the TextRank algorithm (Mihalcea and Tarau, 2004). The top-ranked concepts are encoded with
contextualized word embeddings and clustered. Resulting clusters are presented to the user as
suggested novel concepts; the phrases in the clusters can be thought of as examples of that
concept. To ensure interactivity, these computationally expensive steps are done ahead of time,
and the user need only load the pre-computed initial clusters.

Once loaded, clusters are exposed to the user through an interactive web application. The user
can then decide between a series of actions; specifically, they can accept, edit, skip, or discard
the node. Accepted nodes are then inserted into the current working taxonomy. The user
continues to work through the system’s suggestions until they are satisfied with the taxonomy.

For more details please see the paper that describes the complete system in detail (Hungerford
et al., 2022). The software is freely available here: https://github.com/twosixlabs-dart/dart-ui.

2.3. Other Machine Reading Contributions

In addition to the above contributions, the machine reading team contributed several other
components to the World Modelers ecosystem. We briefly summarize them below:


https://github.com/twosixlabs-dart/dart-ui

Concept aligner: The team has extended the grounding component from Eidos (see
Section 2.1.1) to link concepts extracted by machine reading from text with indicators in
databases used by bottom-up models.

Processors: This is a Scala library that implements modern neural approaches for core
NLP applications such as part-of-speech tagging, named entity recognition, syntactic parsing,
semantic role labeling, etc. The focus is on models that are light and practical such that this
library runs well on commodity hardware. The software is freely available at:

https://github.com/clulab/processors.

Explainable NLP:  This effort (Tang and Surdeanu, 2022) introduces an explainable
approach for relation extraction that mitigates the tension between generalization and
explainability by jointly training for the two goals. Our approach uses a multi-task learning
architecture, which jointly trains a classifier for relation extraction, and a sequence model that
labels words in the context of the relations that explain the decisions of the relation classifier.
We also convert the model outputs to rules to bring global explanations to this approach. This
sequence model is trained using a hybrid strategy: supervised, when supervision from
pre-existing patterns is available, and semi-supervised otherwise. In the latter situation, we treat
the sequence model’s labels as latent variables, and learn the best assignment that maximizes
the performance of the relation classifier. We evaluate the proposed approach on the two
datasets and show that the sequence model provides labels that serve as accurate explanations
for the relation classifier’s decisions, and, importantly, that the joint training generally improves
the performance of the relation classifier. We also evaluate the performance of the generated
rules and show that the new rules are a great add-on to the manual rules and bring the
rule-based system much closer to the neural models.

2.4. Machine Reading References

Eidos, INDRA, & Delphi: From Free Text to Executable Causal Models. Rebecca Sharp; Adarsh
Pyarelal; Benjamin Gyori; Keith Alcock; Egoitz Laparra; Marco A. Valenzuela-Escarcega; Ajay
Nagesh; Vikas Yadav; John Bachman; Zheng Tang; Heather Lent; Fan Luo; Mithun Paul;
Steven Bethard; Kobus Barnard; Clayton Morrison; and Mihai Surdeanu. In Proceedings of the
2019 Conference of the North American Chapter of the Association for Computational
Linguistics (Demonstrations), pages 42-47, Minneapolis, Minnesota, 6 2019.

Grounding Gradable Adjectives through Crowdsourcing. Rebecca Sharp; Mithun Paul; Ajay
Nagesh; Dane Bell; and Mihai Surdeanu. In LREC 2018, 2018.

Large-scale Automated Machine Reading Discovers New Cancer Driving Mechanisms. Marco
A. Valenzuela-Escarcega; Ozgun Babur; Gus Hahn-Powell; Dane Bell; Thomas Hicks; Enrique
Noriega-Atala; Xia Wang; Mihai Surdeanu; Emek Demir; and Clayton T. Morrison. Database:
The Journal of Biological Databases and Curation. 2018.
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Taxonomy Builder: a Data-driven and User-centric Tool for Streamlining Taxonomy Construction.
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Zheng Tang; Egoitz Laparra; Haoling Qiu; Bonan Min; Yan Zverev; Caitlin Hilverman; Max
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3. Assembly

The Harvard Medical School team developed INDRA
World (https://github.com/indralab/indra_world). INDRA
World is a generalization of the INDRA knowledge
assembly system for automatically collecting,
assembling, and modeling the web of causal relations

INDRAWorld o
O r interconnected INDRA World Modelers API®

events in regional ...
and global systems. INDRA World interfaces with four
machine reading systems (including Eidos, introduced in Basic functions oesctuions
section 2.1 above) that extract concepts, events, and = Pt
causal relations from text (typically reports from DART endpoints osrerors
governmental and non-governmental organizations, news o Irrereym——
stories, and scientific publications). The extractions are
processed into a standardized Statement representation
and then processed (filtered, normalized, etc.). INDRA
World implements assembly logic to find relationships
between statements, including matching, contradiction, an
refinement (i.e., one statement is a more general or more
specific version of the other). It then calculates a belief
score which is based on all available evidence directly or
indirectly supporting a given statement. INDRA World also ~ Seurces endpoints soucesrcporss
implements a database and service architecture to be run  [BEEE zouces/ams/process text sucesiot s s s sam N7 s

REST AP for INDRA World Modelers.

Assembly endpoints Assembly endpoints

‘m /assembly/add_project_records Add project records and assemble them

‘m / bly/get_project_ i Get project curations

d ‘m /assembly/get_project_records Getrecords for a project

‘m /assembly/get_projects Getalistof all projects

‘m /assembly/new_project Create new project

‘ 500 /assenbly/subnit_curations Suomitcuations

as a se rv| ce th at | nteg rates Wlth oth er Syste ms an d ‘ m /sources/eidos/process_jsonld Process an EIDOS JSON-LD and return INDR,
su p po rts man ag in g p roject_s peC|f| ¢ statement sets and ‘ EEER /sources/hune/process_isonld Prosess Hume JSON-LD and rtum INDRA Stat
i ncreme ntal assem b |y Wlth new read er Outp UtS i ‘ m /sources/sofia/process_json Processa Safia JSON and retur INDRA Stateme

Representation. Causal influences are represented as Statement objects with a cause and
effect argument which are Events. An Event represents a core Concept, as well as the polarity
and magnitude of a change in that Concept, along with time and geospatial context. This allows
representing nuanced causal influences such as the one implied by the following sentence: “A
small decrease in subsidies in 2019 in South Sudan resulted in a large increase in agricultural
production in 2020.” Each Statement also carries one or more Evidence objects that support it.
Each Evidence captures, for instance, the doument and sentence from which the causal
influence was extracted, and the reading system by which it was extended.

Importantly, each Concept represented by INDRA World is grounded. To be able to express
complex concepts, we use a compositional grounding approach where a Concept is
represented as a tuple of a core term, and an optional process, property, and process property.
This allows expressing concepts such as “the price of water trucking”



Multi-reader ontology-guided knowledge assembly. INDRA World implements an approach
to multi-reader assembly which relies on standardizing representations across diverse outputs
from multiple systems that extract causal influences from text. It is also able to normalize across
equivalent or partially overlapping causal influences across extractions from multiple documents
or sentences. It does this with respect to an ontology to which Concepts are compositionally
grounded. For example, if “rain” is a form of “precipitation” according to the input ontology,
INDRA World will align Statements about these concepts in a way that this refinement is taken
into account. To assess confidence, INDRA uses quantitative measures of grounding accuracy
and calculates a relation-level belief score based on direct and indirect evidence supporting a
given Statement. The end result is a causal analysis graph that retains high-confidence causal
influences along with evidence and metadata.

Incremental assembly. Outputs from

reading systems on the scale of tens of Existing assembled corpus Note that this captures
thousands of documents can be large, New statement o ~50 GB of reader output
encompassing tens of thousands of et /\ o el evences, meta-doto, et
unique causal influences and on the order (’ , '

of tens of gigabytes of evidence and I * O e

metadata information. If a small number of ' ~ has relations

new documents are added, this would Newa e ‘ pssembly dela:

naively require reloading the entire corpus statement, * New unique statements

and re-running assembly. To solve this, we no relations e e
implemented a service-oriented (to new or existing statements)

i * Updated beliefs
incremental assembly approach centered

around a relational database.

The key idea is to recognize Statement
equivalence via hashing of the Statement’s
content, store associated Evidences in a
World separate table keyed by Statement hash
(allowing incremental extension), and
implementing an optimized algorithm for
Aosombier IU finding partial refinement with respect to a
ontology. This allows INDRA World to
produce an “assembly delta” with respect to a
large existing assembly and a set of new causal influences.

INDRA
World
REST API

CauseMos

Pre-processed
Statements

+Tenant
ontology

Assembly delta

Integrated services. The HMS team also led the development of a service architecture that
implements incremental assembly across performers in an integrated, HMI-based system. The
user uploads one or more documents through the HMI which get added to a document store.
The document store sends out requests to reading systems (running as services) to produce
output for the new documents. INDRA World is then notified about the new reader outputs and
updates its database. Finally, the user asks for an updated assembly which INDRA produces as
an assembly delta displayed by the HMI.

10
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https://worldmodelers.com/reading-assembly.html.

The causal graph assembled by INDRA is the basis of knowledge exploration and modeling
through the HMI. Modeling and simulation engines such as Delphi and DySE use
INDRA-generated relations (in some cases combined with manually asserted relations) as the
basis for dynamical modeling of causal analysis graphs.

4. Context Extraction

Our main contributions in the areas of context extraction were in identifying and normalizing
time and geographical expressions. Our work included approaches to address some of the
unique challenges of the World Modelers domains, including recognizing and normalizing new

season types (“rainy season”, “rice harvest”, etc.) and unnamed locations described in terms of
named locations ("surrounding areas in Upper Nile”).

4.1. Neural time normalization system

We introduced a neural network approach for detecting time expressions and normalizing them
to intervals on the timeline, e.g., converting “Last March” in a document from 2017 to
[2017-03-01, 2017-04-01). The neural network was trained using data annotated in our prior
work (Bethard and Parker 2016) to predict for each character in a text, whether it represented
an instance of a temporal entity or temporal operator such as MonTH-OF-YEAR or BETWEEN. As
shown below, the neural network included in the representation of each character its unicode
character type and the part-of-speech of its containing word, and then used two layers of gated
recurrent unit (GRU) networks to integrate context across characters in the text before
predicting a temporal type. Our initial version of this model was published in the Transactions of
the ACL (Laparra, Xu, and Bethard 2018). Over the course of the project, we improved the
performance of this model by 20% by replacing its randomly initialized character embeddings
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with contextualized character embeddings pre-trained on a 1-billion word corpus. The improved
model was published in the Joint Conference on Lexical and Computational Semantics (Xu,
Laparra, and Bethard 2019).
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We developed a rule-based system to compose temporal entities and operators that constrained
composition based on the type constraints of the temporal operators and on the proximity of the
entities and operators being composed. The composed entities and operators could then be
interpreted using the temporal operator interpretation library developed in our prior work, e.g.,

scala> // the 3-year period following the year 1985
scala> val x = NextP(Year(1985), SimplePeriod(YEARS, 3))
scala> (x.start, x.end)

res@: (java.time.LocalDateTime, java.time.lLocalDateTime) =
(1986-01-01T00:00,1989-01-01T00:00)

This time normalization system was integrated into Eidos as a Finder, using tensorflow-java to
load the neural network model, applying custom Odin rules to attach normalized times to causal
entities, and attaching the document creation time to entities lacking explicit times. Over the
course of the project, we sped up this system via batching predictions, using regular
expressions to filter unlikely-to-be-temporal sentences, and reducing the context considered by
the neural network based on analysis of its sensitivity.

4.2. Rule-based time normalization system

As a faster alternative to the neural network based time normalization system, we also
developed a rule-based system inspired by our prior work in rule-based time normalization
(Bethard 2013). Odin rules were designed to capture different types of time expressions, and
the jollyday library was integrated to normalize named holidays like Christmas. An example Odin
rule looks like:

- name: date-range-5

priority: ${rulepriority}
label: DateRange
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type: token
example: "It took place between May and June 20620"
action: mkDateRangeMentionWithMonth
pattern: |
/(?1i)between/ @month1:PossibleMonth /(?i)(and|to)/
@month2:PossibleMonth @year:PossibleYear

We created an evaluation dataset for time normalization by double-annotating and adjudicating
time expressions in 17 World Modelers documents. In our final evaluation, this approach
achieved 0.855 f1 on the evaluation corpus.

4.3. Rule-based season normalization system

We designed a rule-based system to normalize seasons like “rainy season” that require
knowledge of both time and location, since the timeline intervals of such seasons vary from
region to region. To support such a system, we developed a database of regions and the time
frames of their seasons, as well as temporal definitions for modifiers like “early start”, in
consultation with experts on seasons in Ethiopia and surrounding areas. Odin rules were then
designed to detect season names (e.g., “lean season”) and combine them with modifiers and
nearby locations (e.g., “Greater Equatoria”) to allow seasons to be normalized to intervals on
the timeline.

“...in many areas of Greater Equatoria, an early start to the 2016 lean season is expected.”

__________

i T

. . season dictionary
modifier dictionary - Greater Equatoria
- earlystart:-1 | o _______|_________ 4 - lean
- start: 4
- end: 8

L [2016-03-01, 2016-08-31) «—

Most frequent “* season” from “Twelve month evaluation” documents:

- 276 lean season
210 main season
145 second season
131 rainy season
125 early season
108 first season
100 dry season
69 secondary season
68 growing season
62 rainfall season

4.4. Geographic name extraction and normalization system

We designed a system for identifying place names and normalizing them to the GeoNames
ontology. A neural network processes the text word by word, incorporating character, word and
affix information, and predicting for each word whether or not it represents a geographic
location. This approach was based on our prior work (Yadav, Sharp, and Bethard 2018) and was
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also our submission to the SemEval-2019 Task 12 shared task on geographic location detection
and normalization (Yadav et al. 2019).

Label
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Characters Y o r k C i t y ’ s

To normalize the locations detected by this system to the GeoNames ontology, we developed a
Lucene index of GeoNames and a sieve-based search strategy that applied matching strategies
in order from high precision to low precision:
1. The mention exactly matches (ignoring whitespace) the name from the ontology
2. The mention is within a 2 character Levenshtein edit distance (ignoring whitespace) of
the name from the ontology
3. The mention has at least one character 3-gram overlap with the name from the ontology
4. The mention has at least one token (according to the Lucene StandardAnalyzer) overlap
with the name from the ontology
5. The mention exactly matches the capital letters of the name from the ontology
6. The name from the ontology is a country and the mention exactly matches its country
code
We deployed this GeoNames index to Maven Central, and also identified woredas in GADM that
were missing from GeoNames, and provided a GeoNames-formatted resource that allowed
readers to easily include them.

For each location mention, we applied the GeoNames index and search strategy to generate
candidate entries from GeoNames. To select the best candidate from the list, we trained a
supervised learning classifier to compare the location mention and the various metadata for
each entry from the ontology. This classifier was integrated into Eidos as a Finder and released
to Maven Central.
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Over the course of the project, we made the following improvements to this architecture:

e Moved from a logistic regression classifier to a transformer-based classifier to to allow
more robust matching between mention and entry names.

e Incorporated demonym files from Wikipedia and Stanford CoreNLP into the GeoNames
index, yielding about a 10% improvement in performance.

e Introduced a two-stage resolution algorithm where countries, states, counties are
resolved first and then used as context to resolve the other locations. This yielded about
another 10% improvement in performance.

In our final evaluation, the location identification system achieved 0.500 F1 on the World
Modelers evaluation corpus for location identification.

4.5. Annotated corpus of compositional geolocations

To help deal with regions like “surrounding areas in Upper Nile” that did not have entries in the
GeoNames ontology, we developed an annotated corpus of geographic locations that were
described compositionally in terms of other locations. By combining Wikipedia articles and
OpenStreetMap shapefiles, we were able to collect more than 300,000 compositional
geographic location phrases and corresponding polygons. The resulting corpus is structured to
allow for a task where a model is given a text describing an unnamed location, and is asked to
approximate the geometry of that location from the geometries of the geolocations that appear
in the description:

... located between the towns
of Adrano and S. Maria di Licodia, 32
kilometres (20 mi) northwest of Catania
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We designed a rule-based system to establish the baseline for the task, and integrated it into
Eidos. The work was published at COLING 2020 (Laparra and Bethard 2020).
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5. Top-down Modeling

The top-down modeling effort within the UArizona team has developed the Delphi system for
assembling executable models from textual evidence and time-series data. For more details,
please see https://ml4ai.github.io/delphi/
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Modeling approach

We model abstract concepts such as food security and conflict as real-valued latent variables,
and indicators corresponding to these concepts as observed variables. An indicator is a
measurable quantity that correlates with the intuitive, natural language interpretation of the
abstract concept. For example, average dietary energy supply adequacy is one among many
indicators for the concept of food security.

We interpret sentences such as “A small increase in conflict causes a large decrease in food
security.” as saying something about the functional relationship between two latent variables
representing conflict and food security respectively - that is, the sentence is giving us a clue

d(food security)
about the shape of 3 (conflict)

To convert a sentence like the one above to a dynamic Bayes network, we first construct latent
states composed of the variables and their partial derivatives with respect to time. In our model,
the transition function that tells us how to calculate the latent state at a time step given the latent
state at the previous time step is itself a random variable, with a probability distribution
constructed from Gaussian kernel density estimators of empirical, crowdsourced data about how
humans quantitatively interpret gradable adjectives such as small and large. The reason for this
is that there is a great deal of uncertainty in the model itself, since there is no precise model for
many abstract concepts such as food security and conflict that we expect to encounter in
machine reading. Finally, we use the following emission model - let n;

be the value of the jth indicator for the i"" component of a latent state vector s. We then define
the probability distribution for the value of the indicator as nijNN(siuij' Gij)’ where My O are the
mean and standard deviation of the indicator n The structure of the model is shown in the

figure below. For more details on the model construction, see here:
http://vision.cs.arizona.edu/adarsh/Arizona_Text to_Model Procedure.pdf
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The figure depicts the model that underlies Delphi - a linear dynamical system with a
stochastic transition function. The nodes sn are latent state vectors, 0 is the transition

model, and D represents evidence from machine reading.

The capabilities of Delphi are exposed to the users of the CauseMos HMI via a REST API.

User workflows

The Delphi workflow starts with an analyst providing a causal analysis graph (CAG) that informs
Delphi how the concepts influence each other.

During the CAG assembly phase, CauseMos, the human-machine interface (HMI) for Delphi,
looks up evidence extracted using machine reading on large-scale corpora that relate each
edge’s source and target concepts. The HMI presents this information to the analyst for scrutiny.
Once the analyst has examined the CAG and made any desired modifications, the HMI conveys
the CAG (which includes both the metadata about the influence strength attached to each edge
and the overall connectivity structure) to Delphi. Delphi uses this information to quantify initial
edge strengths and polarities, which serve as a starting point for training a probabilistic
forecasting model. While having evidence sentences backing an edge is preferable, it is not
required for Delphi to continue training, and it assigns a default edge strength and polarity in
such situations.

Notably, Delphi does not require the analyst to manually set the strength or the polarity of any
edge. Delphi only consults the information from sentences supplied with the CAG and initializes
each edge, and when such information is unavailable, Delphi uses a default. Further, Delphi can
work even when the sentences available for an edge do not agree on either the magnitude or
the polarity of influence they convey.

Delphi treats each edge weight as a combination of strength and polarity, with the sign of the
weight corresponding to the polarity. The weight's magnitude informs Delphi of the size of the
change in the target node affected by a change in the source node.

While a CAG is the minimal specification Delphi must receive to build a model, each CAG node
should ideally be grounded in indicator time series data to harness the full power of Delphi.

When attaching indicators to CAG nodes during the model creation stage of the HMI, specifying
the correct minimum and maximum values for each indicator helps Delphi make better
predictions. Delphi does not produce predictions outside the prescribed range for each indicator.
Delphi starts training from the starting edge strengths and polarities it gleans from sentences
and searches for better edge weights to align the predictions with the training data. In doing so,
Delphi does not learn a single model with a single set of parameters; instead, it learns a set of
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models that enable Delphi to capture, quantify, and present the uncertainties in the modeling
process in the predictions.

When an analyst issues a ‘projection request’, Delphi simulates each model in the set and
produces a projected trajectory, resulting in multiple projections per request. The HMI
summarizes the projections based on time steps and presents the results to the analyst as the
uncertainty of the prediction.

Head nodes

Delphi treats CAG nodes that lack incoming edges, i.e., head nodes differently from other nodes
when the analyst specifies a period greater than one and applies a seasonal model. The analyst
must supply the accurate seasonality of the time series attached to such CAG nodes as the
period for Delphi to model them correctly. If the analyst believes that a CAG node without
incoming edges is not seasonal, they could convey it to Delphi by setting its period equal to one.

Editing an edge

After an analyst sees the prediction results of a trained Delphi model, the HMI provides a
feature for the analyst to dispute what Delphi has learned as the strength and polarity for an
edge. An analyst must supply the weight and the polarity for this purpose.

When Delphi receives such a request, Delphi honors the analyst’s wish and freezes those
edges at the weight and polarity assigned by the analyst. Then Delphi goes back to accomplish
its mission of generating predictions that resemble the training data by training the model again
to learn all the parameters, sans the frozen edges.

Therefore, the analyst should keep in mind that freezing edges initiate a ripple effect where
other model parameters could change during the subsequent Delphi training phase
accompanied by setting an edge. This could potentially make it seem like (upon visual
inspection at least) that freezing edges does not have an effect on the predictions made by
Delphi.

Interventions

When an analyst sets the values of indicators at specific time steps, Delphi honors them and
outputs those exact values at those time steps. Such changes propagate to downstream nodes,
and their predictions will change accordingly.
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6. Bottom-up Modeling (UF - DSSAT Team)

6.1. Overview of DSSAT model for World Modeling

The Decision Support System for Agrotechnology Transfer (DSSAT, dssat.net) is a crop modeling system
for prediction of crop yields, crop growth dynamics, and soil water and chemical processes. There are
many modeling and analytical components included in DSSAT but only a few, described herein, have
been exposed to user access in the World Modeling (WM) system.

Figure 1 illustrates a sample DSSAT container as implemented on Dojo for WM. In this example, the
DSSAT container includes data and model components for modeling maize in Ethiopia under baseline
(current practice) conditions and a few options for perturbing those baseline conditions. When a general
modeler makes selections, simulations are performed on Dojo using the DSSAT-pythia modeling
framework and the DSSAT-Cropping System model (CSM). The general modeler’s selections are
encoded into a DSSAT-pythia configuration file and metadata describing the resulting dataset(s).

The main components shown in Figure 1 are:

e Description of the DSSAT container including the user selections for the DSSAT container (i.e.,
the “tunable knobs”) that the general modeler can use to impose scenarios or perturbations to the
baseline data
Description of visualizing DSSAT data in CauseMos
DSSAT-CSM overview
DSSAT-CSM inputs including GIS data layers

Model outputs from the simulations are used to generate a dataset which can be used for analysis,
mapping, and data exploration. In the WM DSSAT configuration, six output variables are exposed:

1. “crop yield”, a measure of the crop productivity per unit area in kg/ha,

“crop production”, the amount of crop produced which is a product of yield by the area harvested

®),

“amount of fertilizer applied”, the amount of elemental N in fertilizer applied for crop production (t)

4. *“area of crop failure”, defined as area in hectares for which the crop yield was less than 200
kg/ha.

w

Each of these variables is computed for each geographic location, or pixel, in the geospatial simulation
and for each of 36 years of historical weather data. Each value is associated with a timestamp year or
month and a location (latitude and longitude or administrative unit). More information on the output
variables is covered in the section on aggregation.
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fom_'\at e Crop: Maize General modeler selections
model inputs DSSAT-CSM * Country: Ethiopia e Model selection: Ethiopia maize
Er o i @ Fert'i!?zer N increase: 100 kg/ha _ e Fertilizer N increase:
System Model e Planting date offset: O (default) ' Range 0-200 kg[N]/ha
* Rainfall offset: 1.0 (default) e Planting date offset: Range -60 to
Metadata (immutable) +60 days
® Spatial resolution: 5 arc-minute e Rainfall multiplier: Range 0.25 to 2.0
DSSAT-CSM {*11km)

e Temporal resolution: 38 years,
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® Qutput variables: location,

outputs

timestamp, production, yield,
Pythia post- fertilizer applied, area of crop
processing and failure, crop per drop, crop per
aggregation person
i |
/ i ‘ | Analyst selections (within
A V range of available data sets)
¢ Country
Dataset @ v e Crop
sEthiopia : " * Cropping season
eMaize e Fertilizer N increase
eMeher & Belg ‘ * Planting date offset
+100N e Rainfall multiplier
1.0 Rainfall multiplier e Time selection
i (0 planting date offset * Qutput variables

Figure 1. DSSAT container for Ethiopia maize production showing data, processing, and modeling
components. A general modeler selects the parameters for a given simulation, which produces a dataset.
An analyst accesses the dataset for further analysis and exploration.

DSSAT datasets

DSSAT has additional variables that could be of use to CauseMos users, that have been stored in DSSAT
datasets, separately from the DSSAT modeling outputs. These variables require complex aggregation
algorithms (e.g., they cannot be simply summed or averaged) and so they were pre-simulated,
aggregated, and stored in DSSAT datasets along with some summarizing box plots. These variables
include all the variables listed for the model output above plus two additional variables:

1. “crop per drop”, the crop yield divided by the amount of rainfall plus irrigation added to the field in
kg/ha/mm. This is a measure of the water use efficiency of a crop.

2. “crop per person” is the crop production in an area divided by the number of people in that area.
This is a useful measurement of how well an area might feed it's people. For urban areas, the
number is not as useful a measure, as there are more people with fewer farms. It does not
account for imported food or food that is transported from one area to another.
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Model types. Three types of DSSAT model are available for use in Dojo and CauseMos. These are:

1. The DSSAT sensitivity analysis model includes selections for modifying inputs for fertilizer
amounts, planting dates, and rainfall.

2. The DSSAT climate change model can be used to modify weather variables to mimic the effects
of climate change. The user can select modifications for temperature, rainfall, and atmospheric
CO2 concentrations.

3. The DSSAT yield forecasting model is used to estimate yield and production for the current
cropping season.

Each of these model types is described in separate sections below.

Sensitivity model. Hypothetical scenarios can be imposed by the general modeler to modify baseline
(i.e., current farmer practice) conditions. In the WM DSSAT implementation, three input values can be
modified to create scenarios:

e Fertilizer inputs can be modified over a range of valid values by selecting a “Fertilizer N
increase” option, which allows a user to increase the amount of fertilizer applied to fields above
the current farmer practice. This is useful for fertilizer subsidy investigations, for example. Values
of fertilizer N increase are limited to a few options between zero (the current farmer practice) and
+200 kg[N] above current farmer practice.

e Planting dates can be modified by using the “Planting date offset” option. Planting dates are
simulated in DSSAT using a planting window. On the first day within the planting window for
which soil moisture and temperature conditions are within suitable ranges, planting occurs in the
model. Baseline planting windows were set by the expert modeler, but these can be shifted by the
user to explore early or late planting options. Planting date offset are limited to a few options
between -60 (i.e., 60 days prior to current farmer planting dates) to +60 day (i.e., 60 days after
current farmer planting dates).

e The “Rainfall multiplier’ option allows a user to increase or decrease the amount of rainfall
during a simulation to mimic effects of drought or higher than normal rainfall. User selection
options include a range of values between 0.25 (25% of recorded rainfall amounts) through 2.0
(double the recorded rainfall amounts).

Climate change model. Hypothetical climate scenarios can be imposed by the modeler to study the
effects of climate change on crop yield and production and to pinpoint hotspots for climate adaptation
recommendations. Three weather input variables can be modified to mimic the effects of climate change:
temperature, rainfall, and atmospheric CO, levels. These three weather variables affect plant growth
processes which often interact in complex ways.

e Temperatures can be modified by selecting the “Temperature offset” option. The value selected
will be used to increase (or decrease) maximum and minimum daily temperatures in the model.
User selections range from “-1” (1 degree C decrease in temperatures) to “+5” (5 degree C
increase in temperatures). Plants grow optimally within a range of temperatures which is
dependent on the species. Above or below that optimum range, plant growth is stunted.
Temperature also affects the rate of progression of plant development.

e Asin the sensitivity model, the “Rainfall multiplier” option allows a user to increase or decrease
the amount of rainfall during a simulation to mimic effects of drought or higher than normal
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rainfall. Historical observations of daily rainfall are multiplied by this amount and used as input to
the DSSAT model. Optimum soil water conditions improve plant growth, with adverse effects
occurring for both too much and too little water. User selections of the rainfall multiplier range
from 0.25 to 2.0.

e The “CO2 value” option is used to set the value of atmospheric CO, for the model simulations.
CO, generally has a fertilization effect on plant growth, to varying degrees for different species.

Yield forecast model. The yield forecast model is used to predict the crop growth and development in
the current or upcoming season. This model relies on recent weather data, ideally updated through
yesterday with observed data. The model will use actual weather data for this season up through the last
available weather data date. For the remainder of the season, weather data are filled in using recorded
data from the last 30 years. This gives 30 possible futures for the upcoming season based on the
historical ensemble of weather data. The predicted outcome is based on statistical analysis of the
simulated yields. Outcomes are expressed as a distribution of possible production in the coming season.

The only user choice in this mode is the forecast date. These forecast dates have been pre-selected at
one-week intervals from March 11, 2022 through May 13, 2022. The user should select the date which
has most recently occurred. For example, on if a user is running a prediction on April 12, the most recent
available forecast date is April 8. Weather data will be updated just prior to these dates so the user has
access to the most recent weather data available for the simulations.

6.1.1. DSSAT models in Dojo

The Dojo DSSAT models were configured by expert modelers who had knowledge of the cropping
systems in East Africa and the DSSAT modeling requirements. The number of input variables that are
required by a complex model such as DSSAT are too nhumerous for a WM user to learn on the fly, but the
expert modeler has simplified the interfaces to allow only a few selections that can be made by the
general modeler. In Figure 1, these are shown in the box to the right, “General modeler selections”.
These model selections vary depending on the type of model selected.

The general modeler selections are stored as metadata which describe both the simulation configuration
and the dataset containing final outputs. These metadata are used to modify the DSSAT-pythia
configuration file. Some of the metadata describing the simulation are immutable and cannot be modified
by the general modeler, such as the spatial resolution of simulations, which are based on the GIS input
data layers.

The DSSAT-pythia config file controls the simulation including parallelization, specifying the location of
input data, the number, type, and extent of simulations, and the names and locations of output files.
DSSAT-pythia creates the DSSAT-formatted input files from the GIS data layers for the spatial and
temporal extents of the simulation. DSSAT-pythia also calls the DSSAT-Cropping System Model (CSM) to
simulate for each pixel, year, season, and for the selections made by the general modeler.

A post-processing script takes model outputs and calculates total production and other output variables

for each pixel, storing the resulting data in a dataset for further analysis, mapping, and exploration by an
analyst.

6.1.2. DSSAT-CSM
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The DSST Cropping System Model (CSM) is the main computational element of the Decision Support
System for Agrotechnology Transfer (DSSAT, Hoogenboom et al., 2019a and 2019b, Jones et al. 2003).
DSSAT-CSM calculates expected growth and development of crops based on equations that describe
response to management, environmental conditions, and genetic potential. The equations used in CSM
comprise a set of differential equations representing rates of growth or development, and rates of soil
water and soil nutrient dynamics. Numerical integration over time, with daily or hourly time steps, allows
estimation of growth, development, and water and nutrient levels in the plant and soil.

The 42 crop species currently modeling by DSSAT-CSM deal primarily with annual crops including wheat,
rice, maize, and various grain legumes but also include herbaceous perennials such as forage legumes
and grasses, and vegetable crops such as tomato and peppers. In addition to crop growth and
development, the models simulate water and nutrient dynamics in the soil and crop, so processes such as
leaching, organic matter decomposition, and runoff are also considered.

DSSAT-CSM requires input data including daily weather data, soil physical and chemical properties, and
detailed crop management, such as timing and details of planting, irrigation, fertilizer application, and
residue management. An especially challenging set of inputs are the genotype-specific parameters
(GSPs) used to quantify how one cultivar differs from another. GSPs are most often estimated through
calibration to measurements from field trials.

DSSAT-CSM has been used for a wide range of applications at different spatial and temporal scales. This
includes on-farm and precision management, regional assessments of the impact of climate variability
and climate change, gene-based modeling and breeding selection, water use, greenhouse gas emissions,
and long-term sustainability through the soil organic carbon and nitrogen balances. Model applications
range from real-time decision support for crop management to assessing the potential impact of climate
change on global food security. Crop models are also invaluable as heuristic tools that help identify
research problems where our current knowledge has limits and further research is needed. The ability of
crop models to simulate how different weather years or soil conditions affect crop performance make
models especially useful in research involving climatic uncertainty or geospatial variation.

DSSAT has been used by more than 16,500 researchers, educators, consultants, extension agents,
growers, and policy and decision makers in over 174 countries worldwide. A more complete overview of
DSSAT structure and algorithms is available on dssat.net. Further DSSAT resources can be found in the
“Links to DSSAT Resources” below.

6.1.3. DSSAT-CSM model input and output data

Each simulation of DSSAT-CSM requires four types of input data: crop management, weather, soils, and
genetics. The following sections describe how each of these are parameterized for the Ethiopia WM
Experiment for the four crops provided: maize, wheat, teff, and sorghum.

Although DSSAT-CSM was developed as a field scale model, simulating conditions at a single location, it
can be used in a spatial application by gridding the land surface and providing representative model
inputs for each pixel on which a crop is grown. For WM, we use a 5 arc-minute resolution (about 10 km)
and provide data on soil parameters, daily weather data, and harvested areas as raster data at that
resolution or higher. These raster data are described under “GIS data layers” below.

For Ethiopia, two seasons can be simulated for each crop: meher, the main cropping season, and belg,
the shorter season. Some areas have only one unimodal season, generally associated with the meher.
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These cropping seasons and the associated planting data are discussed further in Section 2.2.1 "Planting
information”.

Four different management regimens are simulated, representing irrigated, high fertilizer; rainfed, high
fertilizer; rainfed, low fertilizer; and rainfed, no fertilizer. Each of these management types is associated
with a different harvested area in each pixel of land area.

Management data for baseline conditions, i.e., for current farmer practice, define the crops and cultivars
planted, planting dates and densities, fertilizer application rates, irrigation rates, and other management
practices. Once the baseline conditions have been fully described, scenarios can be imposed by
perturbing these data. For example, the “tunable knob” selecting an amount of increase to fertilizer
application rates allows a user to ask “what if’ questions, such as “What would be the expected increase
in production if we subsidized fertilizers in Ethiopia”?

Each simulation consisting of a crop, cropping season, scenario, management regimen, and pixel is
simulated for 36 years of weather data, 1984 through 2019. High spatial variability results from
combinations of cropping season, management practices, soils, weather, harvested areas, and genetics
which influence production across the country.

6.1.4. DSSAT-pythia post-processing

DSSAT-CSM predicts yield and other variables for each simulation. A post-processor is used to compute
production (yield multiplied by harvested area) and to aggregate production for the four management
regimens. A simplified set of output data, produced for WM interfaces, contains only the location (latitude
and longitude), harvest date, and production. These are stored in datasets grouped by crop, cropping
season, and scenario.

6.2. Detailed description of Model inputs and outputs

Details of model inputs are provided for Ethiopia. Other countries data were prepared in a similar manner.

6.2.1. GIS data layers

Weather data: Daily solar radiation and maximum and minimum temperature were obtained from NASA
POWER (Zhang et al., 2007, power.larc.nasa.gov). Daily rainfall was collected from CHIRPS (Funk et al.,
2015, legacy.chg.ucsb.edu/data/chirps/index.html). The resolution for the NASA POWER data is 0.5 x 0.5
degrees and for the rainfall data is 0.05 x 0.05 degrees. Data were merged at the higher resolution for
use as DSSAT model inputs.

Soil data: The soil database corresponds to the Global High-Resolution Soil Profile Database (Han et al.,
2015a, b, dataverse.harvard.edu/dataset.xhtml?persistentld=doi:10.7910/DVN/1PEEYQ0). Soil organic
carbon was considered to be too high within this database and therefore, the soil organic carbon from the
Harvest Choice 27 generic soil database (Koo and Dimes, 2010,
dataverse.harvard.edu/dataset.xhtml?persistentld=hdl: 1902.1/20299) was selected to be used for this
project.

Harvested areas: For each pixel, four management regimens are defined. Harvested areas for each of
the management types is provided by the SPAM Global spatially disaggregated crop production statistics
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data for 2010, version 1.1-version 3. (IFPRI, 2019, https://www.mapspam.info/data/). These define
cropland harvested areas for each crop within each geographic pixel at a 5 arc-minute resolution.

Harvested areas are provided for four management types: irrigated, high fertilizer input; rainfed, high

fertilizer input; rainfed, low fertilizer input; and rainfed, no fertilizer. Field crop management practices are
defined separately for the four management types as described below. These harvested areas are used

in a post-processor with DSSAT-simulated yields to compute production in each pixel and for each

management type. These can then be scaled up to any specified areal boundary, such as country-level or

woreda-level production.

Planting zones: For WM simulations, Ethiopia was divided into three planting zones which define ranges

of planting dates for each crop and each cropping season. Figure 2 shows the zones which define
cropping seasons, planting dates, and cultivars as described in the “Other fixed DSSAT inputs and

modeling assumptions” section below. These zones were defined based on rainfall patterns as described

in “An atlas of Ethiopian livelihoods” (USAID, 2006).

Ethiopia Planting Zones

N

-+

Flanting Zones
e

- 0 7O 00 450 00
2 -- FKiomaens
- Toew 3

Prajocied Coordmate System: GCS_WGS_1584

Figure 2. Ethiopia planting zones.
6.2.2. Other fixed DSSAT inputs and modeling assumptions

6.2.2.1 Planting information

Planting dates are defined in Table 2 by crop and season and by planting zone. The dates in Table 2
represent a planting window, or range of possible dates for planting. In the DSSAT-CSM model, crop
planting occurs on the first day within this window for which soil moisture and temperature are within

acceptable ranges. These planting date windows are based on FAO (2019) crop calendar data, on

published papers in the region (various), and on personal communication with agronomists in Ethiopia.
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Table 2. Planting dates for each crop, season, and planting zone

Planting dates for each Zone (Figure 1) and
(percent of harvested area allocated to each planting

season)
Zone 1 Zone 2 Zone 3
Crop - Season North & West Central South & East
Maize, sorghum — Meher May 1 — Jun 12 Jun1-Jul 13 Sep1-0ct13

Maize, sorghum — Belg

Feb 1 —Mar 15 Mar 1 — Apr 12

Wheat — Meher May 1 — June 30 Jun 1 = Jul 31 Sep 1 -0Oct 31
Wheat — Belg -- Feb 1—Apr2 Mar 1 — Apr 30
Teff — Meher May 1 — Jun 12 Jun1-Jul 13 Sep1-0ct13
Teff - Belg -- Feb 1 —Mar 15 Mar 1 — Apr 12

SPAM data layers provide a total harvested area for each crop and each of four management types. The
expert modeler made assumptions regarding how these harvested areas are partitioned to Meher and
Belg seasons as shown in Table 3. These assumptions were gleaned from literature and statistics and
evaluated in aggregate for the country based on CSA reports.

Table 3. Partitioning of harvested area between Meher and Belg seasons

Zone 1 Zone 2 Zone 3
Cropping Season North & West Central South & East
Meher (all crops) 100% 75% 25%
Belg (all crops) 0% 25% 75%

Cultivars selected for these simulations are shown in Table 4 along with the references for each.

Table 4. Crop cultivars used in WM simulations

Crop Season Cultivar Reference

Maize Meher BH660 Araya et al. (2015)

Maize Belg DSSAT short season Hoogenboom et al. (2019b)
Sorghum Meher & Belg TESHALE Getachew et al. (2021)
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Wheat Meher & Belg HAR2501 Araya et al., (2019)

Teff Meher & Belg Dz-01-354

Teklu & Tefera (2005), Paff & Asseng (2019)

6.2.2.2 Management regimens

Four management regimens are simulated for each pixel, each with different management inputs. These
management regimens are linked to the harvested areas in the SPAM GIS data layers, as described
above. Table 3 lists the model input data that are based on the four management regimens for all crops.

Table 5. Management inputs by crop and management regimen

Variable Management regimen Maize Wheat Teff Sorghum
Irrigated, high N Automatic, computed by model
Rainfed, high N None
Irrigation
Rainfed, low N None
Rainfed, no N None
Irrigated, high N 100 100 50 100
Rainfed, high N 100 100 50 100
Fertilizer, kg[N]/ha
Rainfed, low N 10 10 10 10
Rainfed, no N 0 0 0 0
Irrigated, high N 0 0 0 0
Applied manure (kg dry Rainfed, high N 0 0 0 0
matter/ha) Rainfed, low N 500 500 500 500
Rainfed, no N 500 500 500 500
Planting density (plants/m2) All 5 250 900 9
Row spacing (cm) All 70 16 7 50
Planting depth (cm) All 5 3 0.9 3

Fertilizer was assumed to be applied in two equal applications on the day of planting and 30 days after

planting. The fertilizer type was assumed to be urea, broadcast over the field, then incorporated into the
topsoil to a depth of 5 cm.
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6.2.3. DSSAT outputs

The standard DSSAT output as implemented in WM includes only a few variables: yield, production,

which is geo-located and timestamped with the harvest date. Production is computed from DSSAT-CSM
simulated yield multiplied by the harvested area from SPAM data layers. Total production for each pixel is
the sum of production from the four management types. Harvest dates associated with production for
each pixel allows a timeline to be constructed over the period of simulation.

There are over 1,200 variables that can be output from DSSAT-CSM simulations. For a full listing of
DSSAT output variables, refer to this document. A few that would be most useful for expansion of WM
interfaces include: harvested yield, harvested area, planting date, biomass production, plant nitrogen
uptake, grain nitrogen (an indicator of protein concentration), soil nitrogen mineralization (a measure of
soil nutrient status), precipitation during the growing season, and average temperature during the growing
season.

6.3. DSSAT-CSM Calibration and Evaluation

DSSAT-CSM was calibrated for use in East African conditions and evaluated with observed data to instill
user confidence in the simulated outputs. Genetic parameters for use in the country-level simulations
were obtained by performing detailed calibrations using field crop experimental data. Each cultivar for the
crops simulated for WM were selected based on their suitability and representation of farmer practice in
Ethiopia. Calibration of these cultivars was performed either by WM expert modelers or were taken from
the literature as cited herein.

Evaluation of model outputs is done by aggregating simulated outputs to region or country level and
comparing to reported yields and productions at those administrative levels. Comparison over multiple
years is used to evaluate the model response to weather variances. Simulated and aggregated outputs
for each crop were evaluated with data available from Ethiopian Central Statistics Agency (CSA), the
Food and Agriculture Organization (FAQO), and the US Department of Agriculture, where data were
available.

6.4. Additional Resources

6.4.1 Links to DSSAT resources

DSSAT main website: https://dssat.net/
DSSAT repositories: https://qithub.com/dssat
DSSAT-CSM repository: https://github.com/dssat/dssat-csm-os
DSSAT-CSM list of output variables definitions:
https://github.com/DSSAT, -csm- I velop/Data/DATA.CDE
DSSAT documentation: https://github.com/dssat/documentation

DSSAT-pythia documentation:  https://pythia-framework.readthedocs.io/en/latest/
DSSAT-pythia-aggregation: https://qithub.com/DSSAT/supermaas-aggregate-pythia-outputs
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