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Introduction

Climate change has increased the volatility of various weather phenom-
ena, leading increased frequency of events like droughts and flooding.
Moreover, changes in weather patterns have been strongly hypothe-
sized to have a negative impact on food safety in the form of increases
in foodborne, waterborne, and enteric diseases. Previous studies have
shown that there is a significant association between climatic factors
like drought, flooding, temperature, humidity, etc. on the prevalence of
salmonellosis, vibriosis, and Escherichia coli infection [3] [6] [13] [14]
[15]. Existing approaches assess the correlation between these factors
and hypothesize causal mechanisms, but fail to quantify the causal im-
pact and understand non-linear and/or hierarchical effects [12].

This work uses existing physics-based climate models alongside prob-
abilistic machine learning methods to estimate the prevalence of food
and waterborne illness outbreaks given different climate change sce-
narios under a causal inference framework.

We compare various probabilistic models and showprojected outbreaks
from 2030 to 2070, as well as state-specific outliers. While our findings
display high variance, they contradict our initial assumptions based on
related biological and ecological literature that the severity of climate
change would cause increases in the number of outbreaks. We discuss
several possible reasons for this contradiction, as well as areas for future
work.

Datasets

Weather Dataset: We use the Climate at a Glance dataset developed
by the National Oceanic and Atmospheric Administration (NOAA) [10].
This dataset provides monthly temperature and precipitation data, as
well as drought severity indexes, z-indexes, cooling degree days, and
heating degree days from 1865 to 2023 for each state in the contiguous
US.

Outbreak Dataset: We use the National Outbreak Reporting System
(NORS) developed by the Center forDisease Control (CDC) [5] to access
the total number of outbreaks in a month from each contiguous state
in the US, ranging from 2009 to 2019. NORS includes both foodborne
and waterborne outbreaks, as well as outbreaks spread through animal,
environmental, person-to-person, and indeterminate vectors. We use
the years 2009 to 2018 to train our models and we hold out the year
2019 as our test set.

Structural Causal Model

We posit the following causal model for food-borne outbreaks: We as-
sume there exists a set of states represented by S , a set of time-points
T = Tp fiTf where Tp and Tf represent past and future time-points, vec-
tors of time and state-specific climate variables Cs,t, unobserved time
confounders Mt, unobserved state confounders Hs, per time point and
state outbreaks Os,t, and a climate scenario variable I , which in accor-
dance to the IPCC can be any of the established Shared Socioeconomic
Pathways (SSP) [9]. These variables are formally related via the follow-
ing SCM depicted in figure (1).
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Figure 1. Visual Representation of SCM: T Õ = Tp, Tf and black square denotes the
difference in mechanism depending on the setting

Goal - Estimand

Following [1], our goal is to estimate

P (Os,t| do(I = i, Hs = hs, Mt = mt)) t œ Tf

where i is a climate change scenario, and hs and mt are the realized
values of the random variables.

By simple do calculus we have.
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We emphasize that although Hs and Mt are unobserved, the quanti-
ties above can be estimated because we have multiple observations
for each latent pair hs, mt. See [1] for further details.

Strategy

In line with the estimand we adopt the following strategy:

1. Use a physics-based climate models to compute
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s,t might be a different but related set of climate variables.
2. Use a probabilistic “calibration model” to link C

c
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with Cs,t. This
is justified under the reasonable assumptions that there is no
backdoor from Cc

s,t, Hs, Mt, I to Cs,t and that Cs,t ‹ Mt, I|Cc, Hs in
which case P (Cs,t| do(i, hs, mt)) is equal to
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We use this expression by estimating P (Cs,t|Cc, hs) from data.
3. Use a probabilistic model to compute

P (Os,t|Cs,t, hs, mt)
Although hs and mt are not observed, we can train a model to
predict Pstate,month(Os,t, |Cs,t) which is computable from the data.
From the the SCM then

P obs
state,month(Os,t, |Cs,t) = P (Os,t|Cs,t, hs, mt)

Part 1: Climate Model

Weuse the Canadian Earth SystemModel [16] to obtain point estimates
of the distribution P (Cs,t| do(i, hs, mt)). We define the interventions I
to be 4 different socioeconomic pathways specifying increasinglyworse
scenarios {SSP1, SSP2, SSP3, SSP5}. For each time-point we spatially av-
erage the predictions by state.

Part 2: Outbreak Models

Weused 4model classes to estimate the distributionP (Os,t|Cs,t, hs, mt).
All hyper-parameters were chosen by maximizing log-likelihood on a
held-out validation set. Throughout, s and m represent one hot en-
coded variables corresponding to the state and month.

Neural Poisson Regression: A Poisson regression parameterized by a
neural network.

◊ ≥ N (0, ‡2Ip)
Os,t ≥ Poisson (exp (f◊(Cs,t, s, m)))

Where f is a neural network. We refer to the one-layer version as the
Poissonmodel as it equivalent to a traditional linear model with poisson
likelihood.

Spatial Gaussian Process: We propose a model that explicitly models
the latent confounders Hs and Mt using latent processes. In particular,
if Cs,t œ Rd, we assume that Hs œ Rd, Mt œ R and that the vector
Hj = (Hj

s1, . . . , Hj
s|S|

) is jointly distributed as a normal distribution with
covariance
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where the super-script ·j means the j-th coordinate of the vector and xs

represents the average longitude and latitude of each state. Formally,
the sampling process for the model is the following (we omit the bias
term for clarity):

⁄ ≥ Gamma(–Õ, —Õ)
Mk ≥ N (0, · 2) for k = 1, 2, ..., 12
Hj ≥ N (0, K(⁄)) for j œ [d]
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Conditional Normalizing Flow: We use neural spline conditional nor-
malizing flow as described in [4]. Formally, our sampling process is de-
scribed as

◊ ≥ N (0, ‡2Ip)
Us,t ≥ N (0, 1)
OÕ

s,t = f◊(Us,t; Cs,t, s, m)
OÕ

s,t = Nearest-int(Relu(OÕ
s,t))

where f◊(·; Cs,t, s, m) is an invertible neural network as specified by [4].
The last line of the process is so that we can convert continuous values
to discrete ones.

Inference

We used SVI to train all of the models except the Normalizing Flow
for which we used a special procedure detailed below. For the other
models the variational family was chosen as described by ADVI [8]
except when using a neural network in which case used a delta dis-
tribution. Optimization was done always using Adam.

Normalizing Flow: To handle the discrepancy between continuous
and count data, we used MAP on a noised version of the standard
normalizing flow objective. In particular, we maximized an estimate
of the objective

EUs,t≥P (U)
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where we have used the following shorthands.

xs,t = (Cs,t, s, mt)
¸(x̃, õ, ũ, ◊) = log pN (f≠1

◊ (õ + ũ; x̃)) + |detJf≠1(·;x̃)(õ + ũ)|
P (U) = Uniform[≠2, 2]

where J is the Jacobian and PN denotes the p.d.f of a normal distri-
bution. Despite how complicated it looks, the objective is simply the
MAP estimate of a standard conditional normalizing flow but using
noise terms U to correct for the discreteness of the data.

Part 3: Calibration Model

For our calibration model we also used NFs but opted for auto-
regressive conditional flows[7] as they produced higher out-of-sample
log-likelihoods. We also attempted to use neural normal models for our
likelihood but discarded them due to lower performance. We trained
the model on the years 1997 to 2013 and tested on the year 2014.
We used this range as it constitutes the historical predictions for the
climate model. The average R2 for predicted variables in 2014 was 0.87.

Evaluation

To evaluate the fitness of each outbreak model, we used R2, posterior
predictive checks (PPCs), and calibration plots. We don’t use predictive
log-likelihood because the Conditional Normalizing Flow doesn’t have
a straightforward log-likelihood.

Model R2

Poisson 0.508
Neural Poisson 0.653
Spatial GP 0.653

Normalizing Flow 0.656

Table 1. Comparison of R2 Scores for Different Models

Figure 2. PPC for total number of
outbreaks

Figure 3. PPC for variance of
outbreaks

Figure 4. Calibration curves for outbreak models

Results

The best performing model, the normalizing flow, was used in our end-
to-end sampling procedure for future outbreaks given each of the four
climate scenarios I .

Figure 5. Predicted number of outbreaks per year per climate scenario

Predictions for future decades show high variance, with a downward
trend becoming noticeably separated between best and worst climate
scenarios by 2070. Although it is possible this is due to missing con-
founding factors, we believe this arises due to the fact that existing stud-
ies examining the climate’s effect on pathogens often overlook the cli-
mate’s impact on the human body. For instance, colder months weaken
the immune system, leading to more disease-spread and outbreaks, in-
dicating a negative relationship between factors like temperature and
outbreak frequency. We also suspect our causal model may not be com-
plete for the following reasons: (1)We lack data on extreme events that
could trigger outbreaks, such as storms or floods, making them hard to
predict accurately. (2) Rising pathogen populations don’t necessarily
mean more outbreaks, as advances in technology, medicine, and edu-
cation may counteract increased pathogenicity. (3) Changes in govern-
mental funding or legislation can impact outbreak reporting and confir-
mation.

Figure 6. Percentage change in predicted number of outbreaks in 2070 per climate
scenario

We assess each state’s predicted percentage change in outbreaks from
the training data average. Though variance across states is limited, Ok-
lahoma and South Dakota significantly deviate, showing large positive
changes in all climate scenarios. Interestingly, bothOklahoma and South
Dakota have received ”F” grades for low reporting by the Center for Sci-
ence in the Public Interest[2]. Ourmodel robustly adjusts for this, recov-
ering more realistic outbreak estimates per state even with incomplete
data.

FutureWork

Future work may include addressing lack of data sources on ”extreme”
climate events and expanding the causal model to include features like
yearly investment into the investigative arms of the FDA. Moreover, tar-
geting other observable downstream effects of illness-causing bacteria
and viruses like testing samples at poultry processing plants[11] (instead
of number of outbreaks) could help us understand the effect of climate
change independent of human immune systems.
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