
Data-driven modeling of dynamic human behavior to support 
regional-scale water resources planning 

Figure 1. Change in cropping 
decisions to tree crops in the Tulare 
Basin between 1974 and 2016 –
data from the California Pesticide 
Use Reports, at the sq. mile scale.
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Searching for interpretable, well-performing 
models in a high-dimensional input space

Thematic assessment of the model space 
using sensitivity analysis on inputs
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For data distributed in space and time, 
summary statistics do not tell the whole story

Figure 6. Genetic programming is the application of a genetic algorithm to tree-structured 
computational models. The search space of model structures is defined by a set of 
mathematical operators, such as addition and multiplication, called primitives. A population 
of models is evolved through operations on the list forms of the models, inserting or deleting 
sub-trees (mutation) or exchanging sub-trees with other models (crossover). We use 
symbolic regression and classification, variants of genetic programming, to map 
relationships from the large input space to the output variable, the crop decision in question.  
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Figure 11. Total sensitivity indices for each input-model pair are calculated. Displayed is 
the occurrence percentage over all models and each input’s distribution of total sensitivity 
indices, descending according to the median index in each input. There is a reliance on 
and sensitivity to the previous change at the same location across all models. Vertical lines 
are drawn at the median values across the inputs for each cluster. Based on the median, 
the overfitting group relies on fewer inputs and is less sensitive to those inputs.  
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Figure 10. Model results are organized as (1) input and 
function components, (2) component representation -
percent of all inputs/functions in a model a component 
represents, and (3) performance in the metric space –
training error, complexity, and test error. The impact of 
components on the metric space is reflected in the 
Spearman correlation coefficient (right). Negative 
correlation exists between components and training error, 
and positive correlation exists between components and 
complexity, which is also reflected in the above tradeoffs. 
The relationship with test error is mixed, indicating that 
nonlinear relationships between components have both 
positive and negative impacts on generalizability.

Figure 2. Time series of 
mean state (left) and 
change (right) in partition 
between tree crops and 
non-tree crops in the 
Tulare Basin between 
1974 and 2016 – data 
from the California 
Pesticide Use Reports, at 
the sq. mile scale.
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Figure 5. Spearman 
correlation coefficient 
calculations for the mean, 
standard deviation, and 
aggregation of the

Figure 3. Average county price per unit (left) and 
value (right) for tree crops and non-tree crops.
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Note: The gold box highlights the 
crop change behavior variables 
that we are trying to predict. 
Correlations are weak here.

Figure 4. Average C2VSIM 
estimates of agricultural water.

Regression Classification

Figure 7. Models are 
evaluated for error rates in 

regression (MSE) and 
classification (Accuracy), and 
complexity in the number of 

nodes. Results are for a 
regression model’s residuals 

(left) and a classification 
model’s confusion matrix 

(right).

Figure 8. Complexity and 
performance are optimized 
concurrently. This results in 
an archive of models that 

exhibits a trade-off between 
the objectives. Collecting a 

number of trials (32) 
together creates a new data 

set to analyze.
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Model Assessment

Figure 9. Metric space performance for all models found in classification evolutions are 
displayed (left). Then, k-means clustering is run on only the metric space data. An overfitting 
cluster – and its models - is recovered, displayed in red (right).

Future Work: A valid computational analog to genetic programming is neuro-
evolution. We expect the comparison to indicate the general class of models useful 
for this problem (tree vs. network). All work so far has been on the data de-serialized 
- not using the time series or network information beyond lags and neighborhoods 
baked into the data. Methods built for networked time series data will be explored.

Phase Goal Objective Measure

Before	Optimization Generality Model	Space Number	of	Primitives
Data	Space Number	of	Features

During	Optimization Performance Error Mean	Square	Error
Misclassification

Interpretability Complexity Number	of	Nodes

After	Optimization

Generalizability Overfitting Test	Error
Behavior Clustering k-means

Importance Features Occurrence
Sensitivity

Structures Occurrence

Crop planting decisions in the Tulare Basin 
trend towards tree crops over time1

spatially and temporally distributed 
data. Calculations were done on 
the time series of statistics for the 
Basin in each year.

Takeaway: We can’t expect a 
model to be of any one structural 
form, since we will likely need 
information from multiple 
variables, or combinations of 
variables. We need a search 
method that reckons with this 
uncertainty in structural form.

Organize data into states, changes, lags - 6, and neighborhoods – 5 NN

Freeze data in row-column form: rows > samples, columns > features

MediansMedians


