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Abstract: Synthesizing climate change impacts on agriculture requires integrating diverse climate
projections, spatial data, multiple process-based crop models, and various management scenarios.
Existing approaches often rely on cumbersome, specific scripting, hindering scalability,
reproducibility, and the robust exploration of uncertainty through multi-model ensembles. We
present PyCIAT (Python Climate Impact and Adaptation Toolkit for Agriculture), an open-source,
configuration-driven framework designed to orchestrate complex agricultural impact assessments.
PyCIAT utilizes a modular Python architecture, driven by a central YAML configuration file, to
manage workflows encompassing climate data processing (GCMs/RCMs), soil data integration,
simulation setup across multiple locations, parallelized execution of crop simulation models via
standardized interfaces (placeholders for DSSAT, APSIM, STICS provided), and automated post-
processing for impact and adaptation analysis. Key features include explicit handling of multi-model
ensembles, HPC-readiness via support for cluster job arrays, standardized output variable mapping,
and optional integration points for advanced modules (e.g., detailed water dynamics, biotic stress)
and machine learning surrogates potentially leveraging advances in Al for agriculture [1]. This
framework significantly reduces boilerplate code, enhances reproducibility, and facilitates large-
scale, systematic exploration of climate impacts [2] and adaptation strategy effectiveness across
diverse agricultural systems. PyCIAT provides a scalable and extensible platform for advancing
agricultural modeling under climate change.

Keywords: climate change impacts; crop modeling; Integrated Assessment Framework; scientific
workflow; multi-model ensemble; High-Performance Computing; Agricultural Systems Modeling;
Python; reproducibility; adaptation strategies

1. Introduction

Understanding the multifaceted impacts of climate change on agricultural production
represents a critical scientific undertaking, deeply connected to global food security and
sustainability goals [2-4]. A growing body of research highlights the significant vulnerability of
diverse agricultural systems to shifts in temperature, precipitation, and extreme events [e.g., 5],
underscoring the urgent need for robust assessment tools to inform mitigation and adaptation
planning [2]. Process-based crop simulation models (PSMs), exemplified by widely used platforms
such as DSSAT [6], APSIM [7], and STICS [8], serve as essential instruments in this endeavor. These
models integrate complex biophysical processes to simulate crop growth, development, and yield
responses to dynamic environmental conditions and specific management interventions.
Consequently, they provide a means to quantitatively explore potential agricultural futures under
various climate projections, typically derived from coordinated experiments like the Coupled Model
Intercomparison Project Phase 6 (CMIP6) [9] or the Coordinated Regional Climate Downscaling
Experiment (CORDEX) [10].

Despite the power of PSMs, their application in comprehensive regional or global climate impact
studies involves considerable methodological complexity. Researchers are faced with the challenge
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of managing and processing terabyte-scale climate datasets, integrating often disparate soil and
geospatial information across varied landscapes, and configuring simulations that span numerous
dimensions: locations, climate models, emission scenarios, time horizons, crop varieties,
management practices (including potentially complex integrated technology packages aimed at
enhancing resilience and profitability [11,12]), and the PSMs themselves [13,14]. Effectively
addressing the inherent uncertainties that pervade this cascade — from climate projections through to
model parameterization and structure — mandates the use of multi-model ensembles (MMEs) [15,16].
Furthermore, a rigorous evaluation of adaptation measures necessitates systematic comparisons
against baseline trajectories under corresponding future climate scenarios.

The practical execution of such multi-dimensional assessments frequently defaults to the
creation of study-specific, often intricate scripting solutions. While capable of delivering results for a
given project, this ad-hoc methodology often presents significant barriers to reproducibility, limits the
ease of scaling simulations to larger domains or finer resolutions, hinders code maintainability, and
makes adaptation to new models or data sources a non-trivial task [17]. The computational demands
of large MME studies invariably require access to High-Performance Computing (HPC) resources.
However, efficiently deploying and managing these complex, multi-stage simulation workflows
within typical HPC batch-scheduling environments remains a persistent operational challenge for
many agricultural modeling groups [18].

To address these methodological gaps, we have developed PyCIAT (Python Climate Impact and
Adaptation Toolkit for Agriculture), an open-source, integrated framework designed to standardize
and automate the workflow for agricultural climate change impact and adaptation assessments
(available at https://github.com/prakau/PyCIAT). PyCIAT leverages a modular Python architecture,
driven by a user-friendly YAML configuration file, to orchestrate the entire process from data
preparation to analysis. It explicitly supports multi-model ensembles through standardized
interfaces, facilitates parallel execution on both local machines and HPC clusters, and promotes
reproducibility through its configuration-centric design. This paper details the architecture,
workflow, components, and capabilities of the PyCIAT framework, presenting it as a methodological
advancement for conducting scalable, reproducible, and comprehensive agricultural modeling
studies under climate change.

2. Framework Architecture and Workflow

PyCIAT is architected as a modular pipeline, comprising discrete stages implemented as
individual Python scripts. This structure facilitates independent execution of pipeline segments and
promotes code clarity. A central YAML configuration file serves as the primary control mechanism,
defining all parameters for a given assessment run. This separation of configuration from code
enhances flexibility and reproducibility (Figure 1).
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Figure 1. provides a conceptual overview of the framework's components and data flow.

2.1. Configuration-Driven Control

The operational behavior of PyCIAT is dictated by the config.yaml file. Users define the entire
experimental design and processing parameters within this YAML structure, covering aspects such
as:

e  Project Setup: Metadata, root directory paths.

e Data Sources: Paths and metadata for climate model outputs (GCM/RCM), soil profile
databases, GIS shapefiles (e.g., administrative boundaries, soil maps), and location coordinate
files.

e  Computational Settings: Logging levels, number of parallel workers for local execution, flags
and environment variable names for HPC job array integration.

. Climate Parameters: Active climate data sources, specific GCMs/RCMs and emission scenarios
(e.g., SSPs) to include, target variables, reference and future time periods, spatial domain for
subsetting, unit conversion specifications.

e  Crop Model Selection: List of PSMs to run in the ensemble, paths to their executables, required
model-specific inputs (e.g., module names, default cultivar IDs), and specification of expected
output files for parsing.
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Simulation Design: Target simulation locations, baseline management practices (default
sowing rules, fertilization, irrigation regimes).

Adaptation Scenarios: Definitions of alternative management strategies or genetic traits,
specifying parameter overrides relative to the baseline (e.g., earlier sowing dates, drought-
tolerant cultivar ID, modified irrigation thresholds).

Analysis Specification: List of standard output variables for analysis, the mapping rules from
model-specific outputs to these standard names, definition of the baseline period for
comparison.

Optional Modules: Flags to enable/disable and configure parameters for advanced simulation
options (biotic stress, soil carbon, HYDRUS) or the machine learning surrogate component.

This approach ensures that the entire experimental setup is explicitly documented within a single

file, greatly aiding reproducibility and allowing straightforward modification for sensitivity analyses

or new experiments. Input validation against a predefined schema (e.g., using Pydantic) is

recommended as a preliminary check within the workflow.

2.2. Modular Pipeline Stages

The assessment proceeds through a sequence of command-line Python scripts, each

corresponding to a logical stage of the workflow:

00_setup_environment.py: Initializes the run by validating the config.yaml file, resolving all
configured paths (relative to a defined base_dir or current working directory), checking for the
existence of essential input files and specified crop model executables, and creating the required
directory structure for outputs, logs, and intermediate simulation files.
01_prepare_climate_data.py: Handles the ingestion and preparation of climate data. It identifies
relevant climate files based on the configuration (source, model, scenario, period), loads them
(typically NetCDF) using xarray [24] (optionally leveraging dask [25] for parallel I/O and
processing), performs spatial and temporal subsetting, selects required variables, executes
necessary unit conversions (e.g., K to °C, flux rates to daily amounts), potentially renames
variables to internal standards, and extracts point-based time series for each simulation location
defined in the locations file. These extracted time series are cached (e.g., as Parquet files) to avoid
redundant processing in subsequent steps. Optionally, it can compute derived climate indices
(e.g., heat stress days, drought metrics) if the calculation logic is implemented within
src/climate_processing.py.

02_setup_simulations.py: Orchestrates the generation of all necessary input files for each
individual crop model simulation run. It iterates through the complete factorial combination of
configured factors (location, climate projection, crop model, adaptation strategy, sowing date,
etc.). For each unique combination (sim_id), it retrieves the corresponding cached climate data,
fetches the relevant soil profile information (potentially performing a GIS lookup using
geopandas [28] if needed via src/soil_processing.py), collates the specific management
parameters by merging baseline settings with adaptation overrides, and then invokes the
appropriate functions (generate_weather, generate_soil, generate_experiment) within the
designated crop model interface module (src/crop_model_interface/) to create all files required
by that model in its specific format within a dedicated simulation directory
(simulations/setup/.../sim_id/). This stage also initializes or updates a central simulation status
tracking file (e.g., simulations/simulation_status.csv or an SQLite database) marking newly
prepared simulations as ready for execution (e.g.,, READY_TO_RUN).
03_run_simulations_parallel.py: Executes the crop model simulations identified as
READY_TO_RUN in the status tracker. It manages parallel execution using Python's
multiprocessing module for local runs (respecting num_workers in config) or, if configured for
HPC use, distributes the simulation tasks across nodes within a job array by interpreting
environment variables set by the scheduler (e.g., SLURM_ARRAY_TASK_ID,
SLURM_ARRAY_TASK_COUNT). For each simulation task, it navigates to the appropriate
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working directory and invokes the run_model function from the corresponding crop model
interface, passing the experiment filename and executable path. Upon model completion (or
failure), it captures the exit status and any relevant messages returned by the interface and
updates the central status tracker (e.g., to SUCCESS or RUN_ERROR), using file locking or
atomic operations to ensure safe concurrent updates.

e  04_process_outputs.py: Handles the post-simulation data extraction and standardization. It
identifies simulations marked as SUCCESS in the status tracker. For each, it calls the
parse_output function of the relevant model interface, providing the simulation's working
directory and the configuration specifying which output files to read. The interface returns a
dictionary of parsed results. This script then applies the variable mapping rules (defined in
config.yaml) via src/analysis.py to translate model-native output variable names (e.g., DSSAT's
GWAD) into predefined standard names (e.g., Yield_kg_ha). If optional modules like HYDRUS
or biotic stress simulation were enabled and implemented, their outputs are integrated or post-
processing effects applied at this stage. Finally, it aggregates the standardized results and
associated run metadata (location, climate scenario, adaptation, etc.) from all successfully
processed simulations into a single consolidated dataset, typically saved in Parquet format for
efficient downstream analysis (analysis_outputs/combined_results_std_vars.parquet). The
status tracker is updated accordingly (e.g., to OUTPUT_PARSED or OUTPUT_ERROR).

e  05_analyze_impacts.py: Performs the core climate change impact analysis using the
consolidated, standardized results from Step 04. It focuses on the subset of simulations run using
the 'baseline' adaptation strategy. Key operations, implemented in src/analysis.py, include:
calculating baseline statistics (e.g., mean yield, phenological dates) averaged over the historical
reference period for each relevant grouping (location, sowing date, crop model); calculating
future changes (both absolute differences and percentage changes) for various output variables
relative to these calculated baselines for different future periods and scenarios; and computing
ensemble statistics (e.g., mean, median, standard deviation, percentiles like p10 and p90) across
the dimensions defined as ensemble members (typically GCM/RCM and/or PSM). Results are
saved as CSV or other tabular formats in the analysis_outputs/ directory.

e  06_analyze_adaptations.py: Evaluates the effectiveness of the configured adaptation strategies.
It compares the projected climate change impacts (i.e., the changes calculated in Step 05 or
recalculated here across all adaptations) under each adaptation scenario against the impacts
projected for the baseline adaptation scenario within the same future climate context (location,
climate projection, period, etc.). The 'effectiveness' is typically calculated as the difference in the
projected change (e.g., Effectiveness = Change_with_Adaptation - Change_with_Baseline).
Functions in src/analysis.py perform these comparisons and can calculate ensemble statistics
across adaptation effectiveness metrics. Results are saved to analysis_outputs/.

e 07_generate_visualizations.py: Creates graphical outputs based on the results generated in
Steps 05 and 06. Using functions defined in src/visualization.py, which leverage libraries like
matplotlib [26] and seaborn [27], it can produce various plot types: time series showing ensemble
mean impacts and uncertainty ranges over future periods; box plots illustrating the distribution
of impacts across ensemble members; bar charts comparing the effectiveness of different
adaptation strategies; and spatial maps (using geopandas [28]) visualizing the geographic
distribution of impacts or adaptation benefits, potentially aggregated to administrative
boundaries. Figures are saved to the figures/ directory.

e  08_train_surrogate.py, 09_predict_surrogate.py (Optional): These scripts manage the machine
learning surrogate modeling component. 08_train_surrogate.py uses the consolidated
simulation database (combined_results_std_vars.parquet) as training data. It applies feature
engineering (e.g., creating climate indices from daily data, encoding categorical inputs like GCM
name or soil type), trains a specified ML model (e.g., Random Forest, configured via config.yaml)
using scikit-learn [19] pipelines that include preprocessing steps (like scaling), evaluates the
model's performance on a held-out test set, and saves the fitted pipeline object using joblib.
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09_predict_surrogate.py loads a previously trained pipeline and uses it to rapidly generate
predictions for target variables based on new input feature combinations provided in an external
file, facilitating exploration beyond the explicitly simulated scenarios. The implementation
resides in src/surrogate_model.py.

2.3. Crop Model Interfaces (src/crop_model_interface/)

A cornerstone of PyCIAT's multi-model capability is its standardized interface system. Each
supported crop model requires a dedicated Python module implementing a predefined set of
functions, ideally inheriting from an Abstract Base Class
(src/crop_model_interface/base_interface.py) to enforce the contract. Key methods include:

e generate_weather(climate_df, site_info, output_path): Translates standardized climate
pandas.DataFrame into the model's specific weather file format.

e generate_soil(soil_profile, output_path): Creates the model's soil file from a standardized
dictionary representation of the soil profile (optional if soil data is embedded elsewhere).

e  generate_experiment(exp_details, output_path, **kwargs): Constructs the main experiment or
simulation control file, incorporating management details, cultivar parameters, simulation
options, and links to other input files. May utilize template files (e.g., .apsimx).

e run_model(exp_file_name, executable_path, working_dir): Executes the model binary or script,
monitors its execution, and returns a Status enum member
(src/crop_model_interface/status_codes.py) indicating success or failure type, along with a
descriptive message.

e  parse_output(output_dir, output_files_config): Reads specified raw output files produced by
the model and extracts relevant variables into a Python dictionary.

This abstraction layer isolates model-specific intricacies (file formats, command-line arguments,
output parsing logic) from the main workflow scripts. Integrating a new PSM primarily involves
developing its corresponding interface module. Placeholder interfaces for DSSAT, APSIM, and STICS
are provided within the framework source code to serve as templates and illustrate the required
structure.

2.4. HPC Integration and Parallelism

Recognizing the computational demands of MME studies, PyCIAT incorporates features for
scalability:

e Simulation Parallelism: The 03_run_simulations_parallel.py script leverages Python's
multiprocessing for efficient use of multi-core local machines. For cluster environments, it can
automatically distribute simulation tasks across the nodes assigned to an HPC job array by
parsing standard environment variables (e.g., SLURM_ARRAY_TASK_ID,
SLURM_ARRAY_TASK_COUNT, configurable in config.yaml), allowing potentially thousands
of simulations to execute concurrently.

¢ I/O and Memory Management: The optional use of dask [25] within xarray [24] enables lazy
evaluation and parallel, chunked processing of large climate datasets, mitigating memory
bottlenecks during climate data preparation (Step 01). Caching the extracted point climate data
prevents costly re-reading and reprocessing for each simulation setup. The use of the efficient
Parquet format for the consolidated results database (Step 04) aids downstream analysis
performance.

e  Modular Parallelism Potential: The framework's structure inherently allows for the future
introduction of parallelism within other stages if they prove time-consuming for specific
applications. For instance, climate point extraction (01), output parsing (04), or ML surrogate
training (08) could be parallelized using libraries like joblib or further multiprocessing.

3. Discussion
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PyCIAT offers an integrated, automated, and extensible software solution designed to manage
the complex workflows inherent in agricultural climate change impact and adaptation assessments.
Its main contribution is the provision of a structured yet flexible environment that addresses common
challenges related to data integration, multi-model execution, scalability, and reproducibility.

3.1. Advantages and Novelty

The distinctiveness of PyCIAT arises from its targeted combination of features specifically
designed for the agricultural modeling domain:

e  Configuration-Centric Workflow: Centralizing the entire experimental design—from input
data selection and model choices to management scenarios, adaptation options, and analysis
parameters—within a single, version-controllable YAML file provides a transparent and highly
reproducible alternative to dispersed script parameters or complex GUI setups.

e Native Multi-Model Ensemble Support: The standardized interface system is fundamental,
providing a clear pathway to incorporate diverse PSMs within a unified workflow. This
facilitates direct comparison and the generation of MME results, crucial for representing
simulation uncertainty. Standardized variable mapping ensures analytical consistency across
models.

e  Streamlined HPC Deployment: By directly interpreting HPC job array environment variables,
PyCIAT simplifies the execution of large-scale simulation ensembles on clusters, reducing the
need for users to write complex submission script logic for task distribution.

e  Modularity and Extensibility: The division into discrete Python scripts and the abstract
interface design enable researchers to readily substitute alternative methods (e.g., different
climate downscaling techniques, new analysis metrics), extend functionality (e.g., incorporate
economic models), or add support for additional crop models without requiring modification of
the core framework logic.

e Leveraging the Python Ecosystem: Built entirely in Python, PyCIAT integrates seamlessly with
the extensive scientific Python stack (pandas, xarray, geopandas, scikit-learn, matplotlib,
seaborn, etc.), allowing users to leverage familiar tools for custom analysis, visualization, or
further integration. The open-source nature encourages community development and
adaptation.

When contextualized within the landscape of existing tools, PyCIAT occupies a niche between highly
flexible but labor-intensive custom scripting and more monolithic, sometimes less adaptable,
integrated platforms. While international initiatives like the Agricultural Model Intercomparison and
Improvement Project (AgMIP) [20,21] have established vital protocols and valuable utilities for model
intercomparison, PyCIAT focuses on providing a complete, end-to-end runnable pipeline driven by
a single configuration file, emphasizing Python integration and built-in HPC scaling mechanisms.
Powerful general-purpose scientific workflow managers such as Snakemake [22] and Nextflow [23]
offer superior capabilities for dependency management, provenance, and complex graph execution
but demand that users construct the pipeline logic and component integrations themselves using the
manager's specific syntax. PyCIAT, in contrast, delivers a pre-defined, domain-specific workflow
structure implemented through standard Python scripts, potentially offering a gentler learning curve
for research groups primarily focused on agricultural modeling, while remaining compatible with
future migration to more formal workflow management systems if complexity warrants.
Furthermore, its optional ML surrogate component reflects the growing interest in hybrid modeling
approaches within agriculture [1].

3.2. Limitations and Future Directions

The most significant limitation of PyCIAT in its current form is that it provides the architectural
framework; the specific scientific content within the crop model interfaces (file generation, command
execution, output parsing) and any advanced simulation modules (e.g., pest models, detailed soil
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processes) must be implemented by the end-user. The framework facilitates this implementation
through standardized structures but does not eliminate the need for domain expertise regarding the
specific models and processes being integrated. The quality and reliability of any assessment
conducted using PyCIAT are, therefore, fundamentally dependent on the correctness of these user
implementations, the thoroughness of crop model calibration and validation (which typically occurs
external to this pipeline), and the accuracy and resolution of the input data (climate, soil,
management).

Key areas for future development include:

e Developing, testing, and distributing fully implemented interfaces for widely used versions of
major PSMs (e.g., DSSAT, APSIM, STICS, potentially others like WOFOST or JULES-Crop).

e Implementing robust versions of the placeholder advanced simulation modules (e.g., generic
pest/disease impact functions, interfaces to common soil carbon models, validated HYDRUS
coupling routines).

e Integrating more sophisticated uncertainty quantification techniques beyond basic ensemble
statistics (e.g., variance decomposition, parameter sensitivity analysis frameworks).

e  Strengthening the concurrent status file update mechanism, potentially defaulting to an SQLite
database backend or mandating the use of robust file-locking libraries.

e  Optionally refactoring the script-based pipeline orchestration using a formal workflow manager
(Snakemake/Nextflow) to gain enhanced features like intricate dependency tracking, caching of
intermediate results, and detailed execution provenance.

e  Establishing standardized mechanisms within the configuration to manage or link to crop model
parameter files, particularly cultivar coefficients derived from calibration exercises.

e  Advancing the ML surrogate component with features like automated hyperparameter tuning
(e.g., using Optuna or scikit-learn's tools) and exploring techniques beyond standard regression
(e.g., emulation of time-series outputs).

3.3. Applicability

PyCIAT is intentionally designed for broad applicability across different agricultural contexts.
Researchers can adapt the framework to specific crops (e.g., maize, wheat, rice, soybean, vegetables
[11,12], legumes [5]), geographical regions (from local sites to continental scales, limited by data
availability and computational resources), and diverse research objectives. By manipulating the
config.yaml file, users can readily define complex experimental designs to investigate:

e Impacts of various climate change scenarios (different GCMs/RCMs, SSPs/RCPs) and time
horizons.

e  Sensitivity to specific climate variables or extreme events.

o  Effectiveness of diverse adaptation options (e.g., shifting planting dates, introducing new
varieties, altering irrigation or fertilization strategies, evaluating integrated technology packages
[11,12]).

¢  Uncertainty stemming from different climate models and crop simulation models through MME
analysis.

The framework's structure is well-suited for factorial experiments, enabling systematic
exploration of interactions between different drivers and management choices.

4. Conclusion

Addressing the challenge of ensuring agricultural resilience in a changing climate requires
sophisticated modeling tools capable of integrating multiple data sources, simulation models, and
scenarios in a robust and reproducible manner. PyCIAT provides an open-source, Python-based
framework designed specifically for this purpose. Through its configuration-driven workflow,
modular architecture, standardized model interfaces, and built-in support for parallel and HPC
execution, it automates and streamlines the complex process of climate change impact and adaptation
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assessment for agricultural systems. By facilitating the implementation of multi-model ensembles
and systematic scenario analysis, PyCIAT lowers the barrier to conducting comprehensive,
computationally intensive studies. While requiring user expertise for implementing model-specific
details, the framework offers a flexible, scalable, and extensible platform. It represents a valuable
methodological contribution aimed at enhancing the capacity of the research community to generate
the scientific insights needed for developing effective climate adaptation strategies in agriculture
globally.

Data Availability Statement: The source code for the PyCIAT framework described in this paper is publicly
available under an MIT License on GitHub at https://github.com/prakau/PyCIAT. The repository contains the
framework's core Python modules, command-line scripts, placeholder crop model interfaces, example
configuration files, and user documentation detailing setup, configuration, and usage. The framework itself does
not include proprietary crop model executables or specific input datasets (e.g., climate model outputs, regional
soil data). Users must obtain these components separately. Guidelines on input data formats and instructions

for implementing the necessary crop model interface functions are provided in the repository's documentation.
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