
Constraining	Tropical	Rainfall	Changes	from	Sparse	
Networks	of	Paleoclimate	Data	

A band of heavy precipitation spanning the deep tropics is
an essential feature of the climate system that diverse
ecosystems and billions of people around the globe depend on.
It is well known that this rainbelt, called the Intertropical
Convergence Zone (ITCZ), when averaged across all longitudes,
shifts north and south in response to heating or cooling the
atmosphere in one hemisphere more than the other1,2; this
framework has been widely applied to past tropical rainfall
changes under differing climate states. Though the energetic
framework of the zonal mean ITCZ has been widely used to
assess mechanisms of change in the tropical rainbelt on seasonal
to orbital timescales, it obscures the inherently regional nature
of tropical rainfall and it is not clear to what degree proxy data
documenting regional shifts in rainfall can be extrapolated to
infer similar shifts at other longitudes.

In this study, I use a large suite of coupled climate model
simulations to demonstrate that large zonal variations exist in
the tropical precipitation response to forcing. I assess the zonal
structure of meridional shifts in tropical rainfall in a compilation
of climate models under a range of past and future climate
forcings. Some forcings are characterized by strong hemispheric
asymmetry (e.g. meltwater forcing in the North Atlantic Ocean,
extratropical volcanic eruptions, and Last Glacial Maximum
orography and albedo), while others are characterized by weak
hemispheric asymmetry (e.g. quadrupling of atmospheric CO2
and mid-Holocene orbital and greenhouse gas forcing).

Quantifying shifts of the ITCZ
Meridional shifts in tropical rainfall are characterized in terms of the mean
annual tropical precipitation centroid, PC (the latitude at which the mean
annual area-weighted tropical rainfall to the north equals that to the south,
within the bounds 20°N to 20°S). PC is calculated at each longitude. I
decompose forced changes in PC (∆𝑃C ; defined as the difference between a
forced simulation and a control simulation) in the following way:

where [∆𝑃C] is the zonal mean change (i.e. ∆𝑃C averaged over all longitudes)
and ∆𝑃C∗ denotes the deviation from the zonal mean. For each set of forcings, I
compare the change in the zonal mean precipitation centroid [∆𝑃C] to the
change in the zonal variation of ∆𝑃C ∗ (i.e. the ‘waviness’ of ∆𝑃C), quantifying
the latter by the standard deviation of ∆𝑃C across longitudes (j).

The zonal mean precipitation centroid [∆𝑃C] is compared to the change in the
zonal variation of ∆PC∗ in Table 1.. The results demonstrate that all forcings
produce robust regional meridional shifts that are much greater than (and not
always in the same direction as) the zonal mean shift.

Figure 1. For each set of simulations, the total ∆P (top), zonally-symmetric component of
∆P ([∆P]; middle) and zonally-asymmetric component of ∆P (∆P*; bottom) is plotted
(colors). The numbers in the top-left of the bottom two subpanels of each forcing indicate
the fractional change in the root mean square error (RMSE) associated with the zonally-
symmetric and zonally-asymmetric components of ∆P, respectively. The climatological
multi-model mean precipitation for each set of control simulations is shown by the unfilled
contours. Stippling in the top subplots indicate where 80% of the models agree on the sign
of total ∆P (from Atwood et al., in press).
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Overview
Change	in	tropical	precipitation	under	different	climate	forcings

Outcomes
o In this project, I demonstrate that the energetic framework of

the zonal mean ITCZ is not useful for characterizing shifts of
the rainbelt at regional scales, regardless of the
characteristics of the forcing. Shifts of the rainbelt vary from
place to place and thus data documenting north or south
shifts in one location can’t be used to infer similar shifts at
other longitudes.

o Forcings with large hemispheric asymmetry such as
extratropical volcanic forcing and meltwater forcing give rise
to robust zonal mean shifts of the rainbelt, but the direction
and magnitude of the shift varies strongly as a function of
longitude (Table 1). Even the Pacific rainband doesn’t shift
uniformly under any forcing considered (Fig. 1). Forcings with
weak hemispheric asymmetry such as CO2 and mid-Holocene
forcing give rise to zonal mean shifts that are small or absent,
but the rainbelt does shift regionally in coherent ways across
models that may have important dynamical consequences.

o These findings demonstrate the zonal complexity inherent in
changes in tropical rainfall and caution against the practice of
inferring large-scale changes in tropical rainfall based on
paleoclimate data from a limited spatial domain. These
results are presented in Atwood et al. (in press).

Next Steps
Future work will focus on comparing the models output to proxy
data, targeting two key periods: the Last Glacial Maximum (~21,000
years ago) and the most recent abrupt meltwater forcing event
8,200 yr ago. The target outcome is the design of an optimal proxy
network for the purposes of inferring changes in the large-scale
circulation patterns of the tropical atmosphere.
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1. Problem statement

Data stewards from a variety of settings, including national statistical
agencies, survey organizations, health systems, and private companies,
must protect individuals’ private information. They also seek to grant
access to their data to researchers and the broader public. Often times,
researches only need to perform statistical analyses on the data rather
than to access individuals’ information.

One of the goals of data privacy is to provide tools that allow researches
to perform statistical analysis while protecting private information. To
protect individuals’ confidentiality, statistical methods have to be
designed to satisfy differential privacy: a popular and formal privacy
property that enables data stewards to bound the potential information
leakage in each analysis. There is a vast literature on differentially
private statistical methods, which rely on specific modeling assumptions
that need to be verified. Violations of any of those assumptions might
lead to erroneous inferences and conclusions. Model validation
approaches have to be designed to satisfy differential privacy. There are
very few contributions at the intersection of model validation and
differential privacy.

Long term goal: To develop differentially private methods for model
validation for several types of statistical analyses.
Short term goal: To develop differentially private methods for model
validation for regression analysis. Regression analysis is one of the most
common statistical methods available to examine how a variable of
interest (response) relates to other variables (predictors).

2. Differential privacy and statistical analysis

Statistical analyses rely on summaries of the data. To perform statistical
analyses, researchers do not need to have access to individuals’
information but to the corresponding summaries. Unfortunately,
summaries of the data can also reveal information about specific
individuals in the confidential dataset.

Assume that a researcher (or employee) does not have access to individual records but
can query how many associate professors in a public university are HIV-positive. The

researcher found out that, by the end of July 2020, out of 501 associate professors, 23
are HIV-positive. Bob, an associate professor and colleague of the researcher, decided to

leave the institution at the beginning of August 2020. As soon as Bob left the public
university, the researcher asked for the same summaries again and found that out of 500

associate professors, 22 are HIV-positive. The researcher now knows that Bob is
HIV-positive.

Differential privacy protects individuals’ confidential information by
releasing a noisy version of the summaries of interest. We define
differentially private methods for model validation using the same trick,
i.e., by adding noise to the summaries defining the method.

3. Validation server

Model validation is performed through a server which houses the
confidential dataset. Model validation consists of determining whether or
not a model has been correctly specified (i.e., the assumptions have
been met). A key quantity in model validation is the probability that the
model has been correctly specified given the available data. By
adopting a Bayesian approach, we are able to compute this quantity
while accounting for both the randomness associated with the data and
the noise added to make it differentially private. Bayesian statistics
allow researchers to update their prior beliefs regarding this probability
using newly acquired data.

4. Universal residuals for regression analysis

For any regression analysis, we can compute the universal residuals by
means of Rosenblatt’s transformation. If the model is correctly specified,
the universal residuals meet two properties: i) they are uniformly
distributed and ii) they are independent of the predictors. We develop
two differentially private algorithms for model validation to verify the
uniformity and independence of the residuals.
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Algorithm 1: Binned residuals

Strengths: fast, scalable, and works with small sample sizes.
Limitations: only able to verify the uniformity of the residuals and
sensitive to the number of bins.
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This figure displays results for different privacy levels and using simulated
data.

Algorithm 2: Sub-sample and aggregate method

Strengths: fully nonparametric and able to verify the uniformity and
independence.
Limitations: computationally expensive and requires large sample sizes
(a commonly assumed scenario in differential privacy) .
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This figure displays results for a high privacy level using simulated data
and assuming a sample size equals 10,000.

Future work

Calibrate and find a default set up for Algorithms 1 and 2.

Keep developing differentially private methods for model validation for
different types of statistical analysis other than univariate regression.

Add developed methods to the validation server that will be constructed
under an initiative at Urban Institute (housing data from the IRS) and with
potential funding from Sloan Foundation and NSF. Dr. Barrientos is
currently collaborating in this initiative.

Contact information

Office: Department of Statistics, OSB 0409
Email: abarrientos@fsu.edu
Website: https://anfebar.github.io/

This project is in collaboration with Dr.Vı́ctor Peña, currently in the Department of
Information Systems and Statistics, Baruch College.

https://anfebar.github.io/
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Black Bandes Dessinées : African Comics in French

Both France and Belgium exported bandes dessinées 
(comics) to their colonial territories in tandem with their 
respective civilizing missions. As many argue, bandes 
dessinées contributed to an imperial visual culture of 
stereotypes that regularly cast non-white figures as less 
civilized than their European colonizers. In his 
groundbreaking 1952 anti-colonial text Black Skin, White 
Masks, Frantz Fanon exposes their damaging 
psychological impact on colonized subjects who 
identified with the white, European explorer and 
adventurer protagonists. Yet, since the 1960s, 
cartoonists from francophone Africa and the diaspora 
have adopted and adapted bandes dessinées to tell their 
own stories such as the groundbreaking international 
success of Aya by Franco-Ivorian Marguerite Abouet and 
French Clément Oubrerie.

Translation: “Should we ban Tintin in the Congo?” 
“Yes, in the Congo! Not in Gabon” (Pahé)
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Comics about colonial soldiers in WWII

Background

Research Project & Impact

The FYAP provided time to finalize 
the manuscript’s structure and the 
book proposal, contact academic 
presses, submit related publications, 
and conduct new research:
• Submission of chapter on African 

women cartoonists to peer-
reviewed anthology to be 
published by the Ohio State 
University Press

• Submission of article on comics 
about African soldiers in World 
Wars I & II to the peer-reviewed 
journal Francosphères

• Participation in workshops for the 
exhibition and colloquium 
“Afropolitan Comics” sponsored 
by the French government and 
the South African Institut Français

After sending out my book proposal this fall, I will continue 
to revise chapters to submit the full manuscript by the end of 
the 2020-2021 academic year. Then, in the summer of 2021, 
I will build upon research I started on cartoonists’ use of 
bandes dessinées as forms of archive, memory, and history to 
pivot towards my second book project while waiting for 
manuscript reviews.

To assist in completing the manuscript and continuing new 
research, I will also spend this fall semester applying for 
external funding:
• National Endowment for the Humanities Fellowship
• Multi-Country Fellowship from the Council of American 

Overseas Research Centers
• Camargo Core Interdisciplinary  Fellowship Program in 

southern France
• American Council of Learned Societies Fellowship

Next Steps

Outcomes

My interdisciplinary book-length project provides the 
crucial sociohistorical, political, and economic  context of 
the cultural field of what I term black bandes dessinées and 
critically examines cartoonists’ visual, verbal, and material 
strategies to demonstrate their innovative use of image-
text spaces for theorizing identity, representation, and 
justice in the 20th and 21st centuries. In addition to 
bringing this extensive and relatively unknown corpus to 
many disciplines, this research investigates the ways in 
which black bandes dessinées engage with and theorize 
current questions of postcolonialism, race and racism, 
gender and sexuality, migration, restitution, ecocriticism, 
and the role of social media in everyday life.



Assessing the Indirect Pathway of  Adverse Childhood 
Experiences on Criminal Offending in Early Adulthood

Erin D. Castro, Ph.D.

Future Research
Moving forward there three main steps. First, will be to assess the direct effect of ACEs on low self-control, depressive
symptoms, and stressful life events. Second will be to conduct a group-based trajectory model to examine whether ACEs can
predict different types of offenders. Lastly, will be to conduct a cross-lagged panel model to more appropriately test for mediation.

Background
In 1998, Felitti found that children who were exposed
to sustained poverty, divorce, parental substance use,
parental incarceration, violence in the home, and child
abuse were more likely to experience issues related to
mental health (Fox et al. 2015), cognitive development
(Anda et al., 2006), and behavior outcomes (Bellis et
al., 2014). One particularly concerning outcome is the
relationship between ACEs and criminal offending
(Craig et al., 2017). While previous research has
attempted to understand the direct and indirect effects
of ACEs on behavior few studies have attempted to
examine the mediating effects of depressive moods,
low self-control, and stressful life events.

Background and Objectives

Florida State University
College of  Criminology and Criminal Justice

edcastro@fsu edu

Objectives
To address these gaps, the objective of this
awarded project was to construct a multilevel,
longitudinal, and intergenerational dataset from the
Rochester Youth Development Study (RYDS) and
the Rochester Intergenerational Study (RIGS). With
this dataset, three broad research questions are to
be answered:
(1) Do ACEs increase the likelihood that children

will have lower levels of self-control, greater
depressive symptoms, and engage in more
chronic criminal offending?

(2) Do ACEs increase the likelihood that children
will react to stressful life events with depressive
symptoms or be influenced by their low self-
control development to engage in criminal
offending during late adolescence?

(3) Does the intergenerational transmission of
ACEs help to explain continuity in criminal
offending?

Data
To date, a final multilevel sample that includes parental
and child adolescent information from the RYDS and
RIGS (respectively) has been created. In total there
are 3,624 variable observations and 459 parent-child
dyads. Variables include repeated observations in the
variety of offending from the ages of 18 to 22,
depressive symptoms, and peer deviance from 17 to
21 years old. Static measures of ACEs, low self-
control, stressful life events, gender, and race are also
included. Table 1 displays the between individual
descriptive statistics.

Preliminary Results
The preliminary results from the mixed effects
multilevel regression models show a significant direct
effect of increase ACE exposures on increased
likelihood of delinquency engagement from 18 to 22
years old. In addition, children who had higher ACEs
and more stressful life events were marginally more
likely to engage in a wider variety of offending when
aged 18 to 22. Table 2 displays these preliminary
results.

Award Accomplishments

N Mean/% S.D. Min Max
Offending (variety score) 412 .146 .354 0 2.485
ACEs 457 2.086 1.390 0 7
Low Self-Control 311 1.349 .406 .167 2.556
Depressive Moods 459 1.280 .577 0 3
Stressful Life Events 453 .251 .124 0 .722
Peer Deviance 459 1.367 .391 1 4
Parental Attachment 432 2.408 .463 .273 3
Black 310 67.44% - - -
Hispanic 78 17.11% - - -
Other 71 15.45% - - -
Male 459 49.14% .500 0 1

Table 1. Sample Descriptives by Parent-Child Dyads

M1
B S.D.

M2
B S.D.

M3
B S.D.

ACEs - - .029*** .008 .012 .019
Low Self-Control .085** .028 .082** .027 .073* .030
Depressive Moods .002 .018 .006 .018 .014 .020
Stressful Life Events .310*** .088 .246** .087 .073 .156
ACEs X Stressful Events - - - - .110+ .068
Peer Deviance .101*** .024 .103*** .023 .126*** .027
Parental Attachment .028 .020 .041* .020 .056* .023
Race (black=0)

Hispanic -.003 .027 .005 .026 .020 .029
Other -.018 .027 -.013 .026 -.019 .029

Male -.007 .021 -.006 .020 .009 .022
Age .079 .077 .072 .077 .116 .203
Age Squared -.002 .002 -.002 .002 -.003 .005

Table 2. Multilevel Mixed Effect of ACEs on Young Adult Offending

Note: p<.1+, p<.05*, p<.01**, p<.001***



When and why does increased host biodiversity lead to 
more disease? 

Michael Cortez, Department of Biological Science, FSU  
mcortez@fsu.edu

 Background                 
Higher host biodiversity (more host species present) can 
lead to higher or lower levels of disease in a focal host.

Amplification: Higher host biodiversity causes an increase
 in disease

Dilution:  Higher host biodiversity causes a decrease
 in disease

Infected focal host       Healthy focal host

 Results

Competence: High competence hosts promote amplification, 
unless they are strong interspecific competitors

Translation: Hosts that are better spreaders of disease 
cause larger outbreaks, unless they are better at 
acquiring resources than other hosts

Competition: Strong interspecific competitors promote 
dilution, unless they have high excretion rates

Translation: Hosts that are good at acquiring resources 
cause smaller outbreaks, unless they are massive 
spreaders of infectious propagules

Transmission: Density-dependent direct transmission 
amplifies disease more than frequency-dependent direct 
transmission when interspecific competition is weak and 
hosts have lower competence.  Environmental transmission 
is always intermediate to density-dependent and 
frequency-dependent direct transmission

Translation: Pathogens whose spread is more limited by 
contacts with hosts have smaller outbreaks, so long as 
different host species use different resources and most 
hosts are not good at spreading the disease

Factors influencing amplification versus dilution:
Competence: How well a species spreads the disease

Competition:  How well a species competes for and 
 acquires food, space and other resources

Transmission: The mechanism of pathogen spread

 Motivation 

 Multi-host-pathogen Mathematical Model
We model a biological community made up of n host species and an environmentally transmitted pathogen that is spread via 
infectious propagules (e.g., spores or viruses) released into the environment. Examples of such diseases include cholera and 
giardia in humans, whirling disease in fish, and chytrid fungus in amphibians. The model describes the changes in the 
abundances of healthy (Hj ) and infected (Ij ) individuals in each population and infectious propagules in the environment (P).  

Biological communities are changing globally, due to the 
introduction and extirpation of species.  Gains and losses 
of host species (i.e., changes in host biodiversity) in 
host-pathogen communities affect the size and severity of 
disease outbreaks. We have a limited understanding of 
how disease dynamics change as host species are gained 
or lost, because we currently lack strong mathematical 
theory for multi-host-pathogen communities.

I developed new analytical theory for host-pathogen 
communities with many host species. I used the theory to 
predict what factors determine how disease levels change 
in response to gains or losses of host species.

Changes in healthy hosts

Changes in infected hosts

Changes in infectious propagules

 Impact and Future Work

This theory greatly extends and unifies existing theory on 
amplification/dilution of disease. It provides general 
predictions about how host and pathogen characteristics 
shape patterns of amplification and dilution. 

In the future, I will apply these predictions to empirical 
systems in order to help explain why some real-world 
communities show amplification of disease while others 
show dilution.  I will also extend the theory by relaxing some 
of the assumptions built into the mathematical model.

Technical details:
- We assume no recovery from 

infection (i.e., infection is lethal)
- The model can be converted into a 

direct transmission model, making it 
applicable to direct transmission 
diseases like ebola and rabies

- Results are for disease prevalence 
at endemic equilibria




























