Additional file 2. Text S2. Supplemental methods and results for Sobol’ variance decomposition.
Methods

Readers seeking a detailed description of the Sobol’ methodology should look to seminal works
by Sobol’ [1,2] and in-depth examples of their application to complex models [3-5]. For our application
of the Sobol’ method, we first determined plausible ranges for each model parameter as described above,
and sampled values from each parameter distribution using a Sobol’ sequence. Compared to other
common sampling methods (e.g., simple random, Latin-hypercube, etc), a Sobol’ quasi-random sequence
has been found to cover the parameter space more efficiently and allows for smaller sample sizes in
sensitivity analyses [6,7]. As described in [8], the sample was divided into two input matrices, and then
further arranged into k + 2 design matrices for evaluation in the model. The computational cost of this
method depends on the number of input parameters (k) and the chosen number of samples drawn for each
parameter (N), totaling N*(k + 2). For this analysis, we selected per-parameter sample sizes (N) of 5000,
1500, and 1500 for the low, medium, and high-density villages, respectively, to account for the extra
computing time required for larger populations. N > 500 is recommended for complex models [9].
Evaluating k = 33 model parameters in the full model and k = 22 parameters in the reduced model led to
final computational costs between 36,000 and 175,000 per analysis, depending on the village.

The results of model simulations were analyzed using the “sobol2007” function available in the
“sensitivity” package in R. The Sobol’ method quantifies sensitivity of the model to each parameter with
two measures: first-order sensitivity index (S;), and a total effects sensitivity index (ST;). Si estimates the
independent contribution of each parameter to variance in the model outcomes, while ST; estimates the
full contribution of each parameter after considering interactions with other parameters [6,10]. Equations
for Si and ST, are given below, with V. representing the overall variance in the output, Vi representing the
variance due to the uncertainty in parameter i, and Sci representing the sum of all S; indices other than
index i. First-order indices were considered significant if S; > 0.02 in the full model analysis, or S; > 0.01

in the reduced model analysis; 95% confidence intervals for S; and ST; were generated with 100



bootstrapped replications [11]. First-order and total-effect indices were calculated for human taeniasis and

porcine cysticercosis in each of the three villages analyzed.

Si= Vil V;
STi=1- S
Results

Figure S1 contains graphs of CystiAgent model parameters that had significant first-order (S;) and
total-effect (STi) indices in Sobol’ sensitivity analyses.

Full model analysis. Of the 33 parameters included in the analysis of the full CystiAgent model,
parameters that were consistently identified as impactful on rates of porcine cysticercosis were the
parameters defining the use of corrals to contain pigs, and pig-related tuning parameters. Specifically,
“always” using corrals for all owned pigs (“corral-always”) had the most consistently high impact on
output variance, with first-order indices of S = 0.10, 0.35, and 0.27 in low, medium, and high-density
villages, meaning that 10%, 35%, and 27% of the variance in pig infection was attributed to the
uncertainty range of this parameter. Similarly, the probability of light-infection after exposure to T.
solium eggs (“light-inf”) was highly impactful in each of the village analyses, with first-order indices of
0.25, 0.44, and 0.27 in the three villages.

The parameters that contributed most to variance in rates of human taeniasis in the full model
analysis were those that determined the number of pigs in the population (and therefore more
opportunities for infection) and the set of human-related tuning parameters. Specifically, the proportion of
households raising pigs (“prop-pig-owners”), the mean number of pigs per household (“pigs-per-hh”), the
proportion of pigs sold prior to slaughter (“pigs-sold”), and the proportion of sold pigs that were exported
out of the village (“pigs-export™) all had significant first-order indices in at least two of the three villages
tested. For human-related tuning parameters, the probabilities of tapeworm infection after slaughter of a

lightly (“pl2h”) or heavily (“ph2h”) infected pig were both highly impactful. The mean duration of



tapeworm infections was also an important contributor to output variance in in two of the three villages
(“tn-lifespan”).

Reduced model analysis. When tuning parameters and village input characteristics were fixed
for the reduced model analysis, the relationships between the remaining model parameters and model
outputs changed considerably. Of the 22 parameters included in the reduced model analysis, the most
consistently impactful parameter for both porcine cysticercosis and human taeniasis was the average
duration of taeniasis infection (“tn-lifespan”), which accounted for 31%, 39%, and 29% of the total
variation in pig infections, and 18%, 16%, and 17% of the total variation in human taeniasis rates across
the three villages tested. After tapeworm lifespan, the second and third most impactful parameters in the
reduced model analysis were the size of pig home-ranges (“home-range”) and use of latrines (“latrine-
use”), neither of which were identified as impactful in the full model analysis. These parameters
accounted for an average of 11% and 8% of the variance in pig infection, and 5% and 4% of variance in
human taeniasis, respectively, across the three villages evaluated. Finally, the proportion of pigs exported
(“pigs-exported”) and sold (“pigs-sold”) were consistently identified as impactful parameters in the
reduced model analysis.

Total effect indices. Total-effect indices (ST;) in the full model analysis followed similar patterns
as first-order effects (S;), but were consistently larger to account for the extra variance due to interactions
between parameters. Of the three test villages, the low-density village had the greatest disparity between
first-order and total-effect indices. Similarly, total effect indices were greater in the reduced model
analysis compared to the full model analysis, indicating that interaction effects between parameters

contributed to a greater proportion of output variance in the reduced model.
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Fig S1. Sebol’ first- and total-order indices for porcine cysticercosis (left) and human taeniasis
(right), in the full model (top) and reduced model (bottom), medium-density village. Parameters with
first-order indices Si > 0.02 in the full model analysis and Si > 0.01 in the reduced model analysis are
shown. 95% confidence intervals produced with 100 bootstrap replications. See Table 1 (main text) for
descriptions of parameter names and functions.



