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ABSTRACT

A recently proposed likelihood-ratio test for identifying causal triggering
in point process data is applied to a variety of case counts of diseases of
varying infectiousness. The test, suggested by McGovern et al. (2025),
involves comparing the likelihood of a fitted Hawkes model to that of a
fitted Poisson cluster model, and was shown using simulations to be
powerful at discriminating between a process with causal triggering and
a process where the clustering is merely due to spatial-temporal
inhomogeneity. Here, the test is applied to data on measles, Chlamydia,
and Lyme disease in the United States, to see if the test can discern
between diseases that are highly contagious, moderately contagious, and
not directly contagious from human to human. Measles is a highly
contagious disease that spreads rapidly through populations, so it can
potentially be modeled accurately using a Hawkes model'?. Chlamydlia is
a sexually transmitted disease that is not as highly contagious as measles
since the level of contact needed for exposure is much higher than for
measles’. Lyme disease is non-contagious from human to human but
cases tend to be highly clustered, as the disease is primarily spread
through ticks, and this exposure is much more likely to happen during
warmer weather'é. Further, the test is applied to data on adolescent
suicides in the United States, in order to investigate the hypothesis that
such suicides are an epidemic spread by social contagion. The results
show that the test is able to measure the degree of contagion of a
disease, and the results suggest that there is indeed a small but
statistically significant element of contagion to youth suicides.

Keywords: Epidemic disease, Hawkes process, Infectious disease,
Inhomogeneous Poisson process, Poisson cluster process, test for triggering.
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1.Introduction

A classical problem in the analysis of clustered
point processes is the discrimination between
triggering, where one point causes other points to
be more likely to occur nearby, and
inhomogeneity, where the aggregation of points
occurs because certain spatialtemporal locations
are simply more likely to encounter points, perhaps
due to certain features of the spatial-temporal
domain, or to spatial-temporal variation in certain
covariates. This problem was discussed in
Diggle(2014)%, who suggested repeated observation
of the point process as the primary way to
distinguish these two phenomena. Unfortunately,
in the case of most applications to infectious
disease, repeated observation is impossible. For
instance, while suicides are often clustered spatial-
temporally and have been modeled via contagion
models®, it is possible that this spatial-temporal
clustering might be explained as resulting from the
large variation in certain covariates such as poverty,
mental health issues, and gun ownership, all of
which are correlated with suicide rates.

Recently, McGovern et al. (2025) proposed a
likelihood-ratio-based test for contagion in
spatialtemporal point process data, and used
simulations to show the effectiveness and quantify
its power in a variety of scenarios. Some questions

remain, however.

« How well does the test work in practice, with
actual epidemic diseases?

» Can the proposed test be used accurately to
distinguish an infectious disease from a non-
infectious disease?

« Can the test accurately quantify the degree of
contagion for a given disease?

« Does the result of the test suggest that suicide is
indeed an epidemic with significant contagion, as
has been posited by various authors?° The present

paper aims to investigate these questions.

Here, we apply the likelihood-ratio test proposed
by McGovern et al. (2025) to several very different
point process datasets in an attempt formally to

assess the presence of significant contagion.

Specifically, we apply the likelihood-ratio test not
only to suicide data, where the existence of contagion
is uncertain, but also to a disease well-known to be
very highly contagious in its spread from human to
human (measles), a disease known to be
contagious but less so than measles (Chlamydia),
and a disease well-known not to be directly

contagious from human to human (Lyme disease).

Social contagion is a broad theory that states that
behaviors or illnesses that are not physically
contagious can be spread through social networks.
The exact definition or mechanism of social
contagion can vary widely among different fields
and researchers, but in general the generally causal
nature of this phenomenon is stressed. This paper
explores testing the assumption that clustered
behavior is the direct result of spread through
social networks. Specifically, social contagion is
often used as an explanation for suicidal®® or non-
suicidal self-harm  behavior'' in adolescents.
Studies that have challenged this narrative typically
rely upon attempting to isolate a “social contagion”
factor amongst other variables that could lead to
suicide!, but such a method relies upon the
assumption that no significant unobservable
variables are confounding the results, which is not
necessarily a reasonable assumption.

With regard to behaviors such as suicide, if there is
an element of social contagion, then the spread
could perhaps be modeled well with the same
models that are used on epidemiological data for
contagious diseases. A common model that is used
on disease data within the point process paradigm
is a Hawkes process'?, a self-exciting point process
that lends itself well to modeling contagion. A
Hawkes process consists of two elements - a
background rate at which points are entering the
spatial-temporal region at random, and a
triggering element allowing points to increase the
probability of additional points occurring in the
future. The conditional intensity of such a temporal

Hawkes model is of the form

AtH) =p+r > glt—t).

ti<t
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The background element is represented in the p
parameter, and the parameter k, called the
productivity, represents the expected number of
points that every point will cause through
triggering. The function g(A) is called the
triggering density. For instance, if data are weekly
aggregates and the geometric distribution is used
for g, then g(k) = p(1 = p)¥, for k=0,1,2,... weeks.

Within a contagious disease model, p would
typically represent the background rate of
immigration of the disease into the population of
interest, and the triggering element would
individuals. The
parameter k represents the speed at which the

represent spread between

disease is spreading on average-a higher k value
corresponds to a more highly contagious disease.

Simply fitting a Hawkes model to adolescent
suicide data would not necessarily definitively
determine whether or not there is evidence of
contagion within the data. Hawkes models can fit
well to clustered data, regardless of the true
clustering mechanism. That is, even if the
aggregation of points in the point process is purely
the result of inhomogeneity in explanatory
variables, a Hawkes model representing triggering
of points might nevertheless offer satisfactory fit.
For this reason, more specialized methods are
needed to distinguish between contagious
clustering and clustering that is the result of
inhomogeneity or non-causal clustering.

Diseases with known contagion methods can be
compared to suicide data in order to evaluate and
compare the fit of different clustering models.
Three diseases that can be compared to suicide
data in adolescents in order to study the social
contagion theory are measles, Chlamydia, and
Lyme disease. Measles is a highly contagious
disease that spreads rapidly through populations,
so it can potentially be modeled accurately using a
Hawkes model. Chlamydia is a sexually
transmitted disease that is not as highly contagious
as measles since the level of contact needed for
exposure is much higher than for measles?. Lyme

disease is non-contagious from human to human

but cases tend to be highly clustered, as the
disease is primarily spread through ticks, and this
exposure is much more likely to happen during

warmer weather'®.

2.Materials and Methods

Several tests for distinguishing between triggering
and inhomogeneity were summarized in McGovern
et al. (2025) and are briefly reviewed here. In order
to assess whether or not a causal (contagious)
clustering model such as a Hawkes model fits
significantly better to data than a non-causal
clustering model, a hypothesis test using the
information gain statistic is used. The information
gain statistic measures the predictive properties of
a point process model” and is given by

L (log(L1) — log(Lo))

n

I =
where n is the number of points in the point
process , and Liand Lorepresent the likelihood of
the point process under the alternative and null
model, respectively’.

While the null hypothesis is that N is an
and the
alternative is that N is a Hawkes process, the test

inhomogeneous  Poisson  process
statistic proposed in McGovern et al. (2025) is the
log-likelihood difference between a fitted Poisson
cluster model™ and a fitted Hawkes model. A
Poisson cluster model is a noncausal clustering
model consisting of a hidden layer of “parent”
points that trigger “children” according to some
triggering density, where each child is distributed
randomly about its parent. In the purely temporal
version with triggering density symmetric about
zero, the children are equally likely to occur prior
to their parent or after their parent. Thus, the
Poisson cluster model can be considered non-
causal, as points triggered backwards in time
contradict the behavior of a contagious or causal
clustering model. In McGovern et al. (2025) this
statistic was shown to be powerful at discriminating
a Hawkes process from an inhomogenous Poisson
process. The idea is that, if the underlying

mechanism is an inhomogeneous Poisson process,
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then a Poisson cluster model would be expected to
fit as well as a Hawkes process, whereas if the
process truly exhibits causal triggering, then a

Hawkes model should offer superior fit.

A temporal Poisson cluster process N can be
viewed as an example of a Cox process, where the
intensity is random, as it depends on the random
collection M of hidden parent points, but given M,
the process N is a Poisson process with intensity

Ans(t[M) =A Y h(t—t,).

it €M
The parameter A represents the average number
of points that each parent triggers, and h(A)
represents the clustering density. Under this
parameterization, this conditional intensity is not
based on the history of the process N but instead
is based on knowing the hidden parent process M.
In addition, the clustering function h(4) is not
limited to positive values unlike the triggering
density in a Hawkes model.

In order to estimate the sampling distribution of
the information gain statistic under the null,
McGovern et al. (2025) propose a Monte Carlo
method.

Specifically, in the context of the datasets analyzed
in the present analysis, a Poisson cluster process is
first fit to the data using a Gaussian triggering
density. A Gaussian clustering algorithm is then
performed using maximum likelihood estimation,
and the parameters for the Poisson cluster process
are estimated using the number of clusters (u), the
mean number of points per cluster (A), and the
standard deviation of the clusters (o). Poisson
cluster processes with these same parameters are
then simulated, and a Hawkes model is fit to each
Poisson cluster simulation by maximum likelihood.
The information gain statistic is then calculated,
and the sampling distribution used is the collection
of information gains between the Hawkes and
Poisson cluster model log-likelihoods for all of the
simulations. Here, 500 simulations were used for
each dataset. The information gain statistic is then
calculated for the original data in the same manner

and compared to the simulated sampling

distribution to determine if the null hypothesis can

be rejected.

Since the datasets each consist of weekly case
counts, for the Hawkes model, a geometric
distribution was used for the triggering density,
which has been used to model daily Covid-19 case
counts in a similar situation.? In fitting the Hawkes
model for each dataset, the parameters y, k and p
are fit using maximum likelihood. The square root
of the diagonal elements of the estimated Hessian
of the log-likelihood was used for standard error
estimates of the parameters in fitted Hawkes

models, as suggested by Ogata'.

2.1 DATA

Adolescent suicide statistics were collected from
the CDC Wonder Provisional Mortality Statistics
database which begins at 2018 and collects data
through the most recent week. The provisional
mortality statistics are based upon death
certificates for United States residents, and any
category with less than nine deaths is suppressed,
as the CDC cannot guarantee the accuracy of low
numbers of deaths. No suppressed results were

included in this analysis.

The age range selected was from the five year age
groups of 10-14 and 15-19. The method of death
was limited to UCD- ICD-10 Codes of X60-X84,
which are all intentional self-harm deaths. Specific
method of self-harm death was not considered.
The data selected was based upon the years that
the CDC did not label as “provisional” in their
reporting, which are the dates 2018-01-01 to 2021-
31-12. The data was collected weekly as this was
the smallest time interval is released, and there
were no suppressed values in the output.

Measles data'’, Chlamydia data,"” and Lyme data'®
for the United States were collected from Project
Tycho, which compiles weekly case counts of
various diseases', with some geographical
information included.

Measles data consisted of weekly measles cases in
Los Angeles County from 1928-01-01 to 1931-31-
12 collected from Project Tycho. The length of the
data collected was chosen to match the number of

© 2024 European Society of Medicine 4



weeks available for the adolescent suicide data, to
make sure the power of the tests were similar. The
data was limited to Los Angeles as different
counties in California reported at different
frequencies, and Los Angeles county reported data
consistently. The time period was selected as the
first 4-year time period in which data was

consistently reported weekly.

Lyme data compiled in Project Tycho consisted of
weekly case counts of Lyme disease in California
from 2008-01-01 to 2011-12-31.The four year
period matches the length of the observed data for
adolescent suicide deaths. The years 2008 to 2011
were selected for this analysis as this was the first
four year time period to have consistent data
reported weekly. The data were limited to the state
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of California, which had the most consistent
reporting of weekly case counts, with no weeks
missing during 2008-2011.

Weekly case counts of Chlamydia in California from
2008-01-01 to 2011-12-31 were compiled in
Project Tycho. The time period and state was
chosen to match the Lyme disease data, and the
Chlamydia data also had the same consistent
weekly case reporting in California during that time
period.
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Figure 1: Log-likelihood test statistic and simulated null distribution for (a) adolescent suicide data in the United States from 2018-
01-01 to 2021-31-12; (b) reported measles cases in Los Angeles County, from 192801-01 to 1931-31-12; (c) reported Lyme cases in
California, from 2008-01-01 to 2011-31-12; (d) reported Chlamydia cases in California, from 2008-01-01 to 2011-31-12

3.Results

For measles, the estimated value of the information
gain statistic is well above any of the values in the
sampling distribution, as seen in Figure 2a. The p-
value is essentially 0, so the null hypothesis is

therefore rejected. This corresponds to the

expected result, since measles is highly contagious.
The estimated value of the k parameter is 0.973
with a confidence interval of (0.954, 0.993),
indicating significant clustering in the Hawkes

process.

© 2024 European Society of Medicine 5



Table 1: Results of Tests for Clustering and Causal Clustering

k(99% Cl) p-value of Hypothesis Test
Measles (0.954 0.993) .000
Chlamydia (.569, .591) .006
Lyme Disease (.429,.720) .061
Adolescent Suicide (-.012,.269) .004

For the Chlamydia data, the p-value of the
estimated information gain statistic is 0.006, so the
null hypothesis is again rejected. The estimated k
parameter is 0.580 with a 99% confidence interval
of (0.569,0.591).

For Lyme disease, the estimated information gain
statistic has a p-value of 0.061, indicating that the
null hypothesis is not rejected. The maximum
likelihood estimate of k is 0.575 with a 99%
confidence interval of (0.429, 0.720).

The estimated information gain statistic applied to
the youth suicide data results in a p-value of 0.004,
indicating that the null hypothesis is rejected,
though the corresponding k estimate is just 0.128
with a 99% confidence interval of (-.012,.269).

As seen in Figure 3b, the Poisson cluster model
fails to accurately account for the large outbreak of
the disease that occurs during the observation
window. As with measles, one sees in Figure 3d
that the Poisson cluster model offers much poorer
fit to the largest outbreak of Chlamydia, compared
to the fitted Hawkes model. Figure 3c shows that
the Hawkes and Poisson cluster models offer very
similar fit. As shown in Figure 3a, the Hawkes
model does appear to fit better perhaps due to the
Poisson cluster model overfitting to the small level
of clustering that is present. The fitted Hawkes
model, by contrast, has only mild fluctuations in
conditional intensity over the observation window.
Even though it appears there is some level of
clustering in the suicide data as seen in Figure 2a,
this clustering is not as significant as the clustering

of the other conditions examined here.

4.Discussion

Of the four conditions considered here, measles,
Chlamydia,
likelihood ratio tests for measles, Chlamydia, and

Lyme disease, and suicide, the
suicide suggest that the Hawkes model fits
significantly better than a Poisson cluster model.
The only condition for which the likelihood ratio
test did not reject the null hypothesis was Lyme
disease. This suggests that the likelihood ratio test
used is accurately measuring contagion, since
measles is known to be the most highly contagious
disease of the four studied here. In fact, the
information gain statistic is very clearly higher than
any of the values that were drawn from the
sampling distribution, indicating that the Hawkes
process does fit much better to the measles data
as compared to a non-causal Poisson cluster
model. The measles condition also has the highest
K estimate, which is consistent with the highly
contagious nature of measles.

The log-likelihood ratio test statistic for Chlamydia
is also highly significant, with an estimated pvalue
of 0.006. The estimated k parameter is also much
lower than the corresponding estimate for measles,
which is reasonable due to the nature of
Chlamydial infection and its known degree of
contagion. Despite the lower level of infection for
Chlamydia, the

provides a significantly better fit than the Poisson

Hawkes model nevertheless

cluster model.

For the Lyme data, the likelihood ratio test statistic
is not statistically significant, with an estimated p-
value of 0.061. The Lyme data also has a «
parameter estimate that is statistically significantly
different from 0, and is around the same value as
the k statistic from the Chlamydia data. However,

the p-value and the much larger uncertainty

© 2024 European Society of Medicine 6



regarding the « value both provide doubt that the
clustering within the Lyme data is evidence of
contagion. The Poisson cluster model fits well to
the data on Lyme disease, a result which is
consistent with the fact that Lyme disease exhibits
seasonal patterns but is not directly infectious from

human to human.
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The one set of data where the disease mechanism
is most uncertain is the adolescent suicide data.
According to the social contagion paradigm, a
Hawkes model should fit this data closely. In fact,
the suicide data is well approximated by a Hawkes
model, significantly better than by a Poisson cluster
model.
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Figure 2: Weekly reported case counts for (a) adolescent suicide deaths in the United States, from 2018-01-01 to 2021-31-12; (b)
measles cases in Los Angeles County, from 1928-01-01 to 1931-31-12; (c) Lyme disease cases in California, from 2008-01-01 to
2011-31-12; (d) Chlamydia cases in California, from 2008-01-01 to 2011-31-12.

However, the estimated k parameter for the suicide
data is very low and not statistically significant. This
indicates that the best fitting Hawkes model has
essentially just a constant background rate
parameter u and very little triggering.

For suicide data, while the likelihood ratio test is
significant, the estimated level of contagion is very

low. Thus the results here suggest that there is a
small but statistically significant element of
contagion to the youth suicide data. It may be that,
while there are many far more important predictors
and explanations for youth suicides, one minor
contributor is the knowledge of and exposure to

other youth suicides.
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Application of tests for contagion in point processes to measles, Chlamydia, Lyme disease, and suicide
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Figure 3: Projected case counts in fitted Hawkes (red) and Poisson cluster (blue) models for (a) Adolescent suicide data in the United States from
2018-01-01 to 2021-31-12; (b) measles cases in Los Angeles County, from 1928-01-01 to 1931-31-12; (c) Lyme cases in California, from 2008-01-01
to 2011-31-12; (d) Chlamydia Cases in California, from 2008-01-01 to 2011-31-12
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Figure 4: Comparison of Residuals of projected case counts in fitted Hawkes (red) and Poisson cluster (blue) models for (a) Adolescent suicide data
in the United States from 2018-01-01 to 2021-31-12; (b) measles cases in Los Angeles County, from 1928-01-01 to 1931-31-12; (c) Lyme cases in
California, from 2008-01-01 to 2011-31-12; (d) Chlamydia Cases in California, from 2008-01-01 to 2011-31-12
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Weekly Case Count
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Lyme Weekly Case Count vs Week
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