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Presenter
Presentation Notes
Good afternoon! My name is Lindsay Young and I am a postdoc at the University of Chicago. By training, I am a social scientist and network methodologist.  I now apply those perspectives in my postdoctoral research, which focuses on the network mechanisms of HIV risk in vulnerable populations like men who have sex with men.  

So, this is a round about way of saying that I am not a trained computer scientist. That said, the task of eradicating HIV is definitely an all hands on deck mission that demands collab. across multiple disciplines. And so, I have come to see methods more familiar to you like machine learning approaches for textual analysis and predictive modeling as complements to the social network approach that I am trained in.  

So, it’s this partnership between network and AI methods that I’d like to demonstrate today through the lens of the research I’m doing as part of my NIH Career Development Award, which will investigate how HIV prevention and risk manifest in the online social networks of young Black gay and bisexual men.


Presentation Overview

> The HIV problem space

» The social network perspective on HIV risk
» Soclal media: A network data repository

» The methodological toolkit

» OQutstanding questions and future directions


Presenter
Presentation Notes
So, the rest of my talk will be organized as follows…

First, I will provide some context about HIV in the US and the people most affected.

Next, I will expound on the network perspective itself to establish the types of inquiries that motivate my work

Then, I’ll talk about social media as a new network repository where we can learn a lot about the behaviors and social lives of young sexual minorities. 

Then, I’ll introduce my K99 research aims and highlight the computational methods i’ll use to pursue them

Finally, I’ll conclude with some outstanding questions I have that could direct future work 
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The Problem Space
The disproportionate burden of HIV In the United States




On the road to a cure, ...

H.LV. Is Reported Cured in a
Second Patient, a Milestone
in the Global AIDS Epidemic

Scientists have long tried to duplicate the procedure that led to the
first permanent remission 12 years ago. With the so-called London
patient, they seem to have succeeded.

FEATURE ;

America's Hidden H.LV. Epidemic

Why do America’s black gay and bisexual men have a higher
H.L.V. rate than any country in the world?

...we still have much to address.


Presenter
Presentation Notes
Intro: If we go by what we see and hear in the media, it can be hard to get a firm grip on what the state of HIV looks like in the United States. 

On the one hand, biomedical advances are happening at an astonishing rate and are giving us stories like this [click, read headline]…  

But at the same time, we also see stories like this— [click, read headline] — suggesting that we still have much to address before these advances will ever be experienced equitably. 


HIV Incidence In the United States

» Number of new HIV infections
diagnosed in 1984.

70% reduction

» Number of new HIV infections
diagnosed in 2017.



Presenter
Presentation Notes
[Intro]: But, let’s start by taking a look at how far we have come….

[click]: 130,400… this is the number of new HIV infections diagnosed at the peak of the HIV epidemic in 1984. 

[click]: 38,739… this is the number of new HIV infections diagnosed in 2017. 

[click]: So, in about 30 years we have witnessed about a 70% reduction in annual new infections. 


HIV burdens are not proportionate

New HIV Diaghoses by Transmission Category,
2015 (n=39,513)

In}ectlnn Drug Use
Male-to-Male Sexual Contact
‘ + In}ectlﬂn Drug Use

New HIV Diagnhoses in the US and Dependent Areas for the
Most-Affected Subpopulations, 2017

Male-to-Male Black, Male-to-Male

Sexual Contact
Sexual Contact

67% Hispanic/Latino, Male-to-Male
Sexual Contact

White, Male-to-Male
Sexual Contact

Black Women,
Heterosexual Contact

Black Men,
Heterosexual Contact

Hispanic/Latina Women,
Heterosexual Contact

White Women,
Heterosexual Contact

o) 2,000 4,000 6,000 8,000 10,000
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Presentation Notes
Despite this progress, some populations remain disproportionately impacted, most notably men who have sex with men. [click] In 2015, new diagnoses attributed to male-to-male sexual contact accounted for 67% of all new diagnoses and 82% of diagnoses among men.

[click]: If we drill down a little further, we can see yet another layer of disparity — namely that Black MSM experience a greater burden of HIV than their Latinx and White counterparts.


4000~

3000-

2000+

Number of New HIV Diagnoses

1000+

35-44
Age, years

13-24 96 34

HIV burdens are not proportionate

New HIV Diagnoses among MSM, by age and race, 2017

Race/Ethnicity

B White

B Black/African American
' Hispanic/Latino

B Asian

1,445

y 39

45-54 >55

~ Among HIV diaghosed BMSM,

39% were aged 13-24; 36%
were aged 25-34.

From 2010-2016, HIV
diagnoses among YBMSM aged
25-34 Increased 40%.
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Presentation Notes
And if we drill down even further, yet another layer of disparity emerges among BMSM, namely a disparity in age.  [click through bullets]


>

Mechanisms behind disparities are not well understood

Explaining disparities in HIV infection among black

| and white men who have sex with men:
Black MSM report less substance a meta-analysis of HIV risk behaviors

Uuse and fewer partners than Whlte | Gregorio A. Millett®, Stephen A. Flores®, John L. Peterson”
MSM. and Roger Bakeman”

AIDS 2007, 21:2083-2091

No significant differences by race In

reported condomless sex ~ Comparisons of disparities and risks of HIV infection in black
Al " th ~ and other men who have sex with men in Canada, UK, and '
commercCial SexX WOIK, Or sex WIitn a " USA: a meta-analysis

k n OW n H I V+ p a rt n e r . : Gregorio A Millett, John L Peterson, Stephen A Flores, Trevor A Hart, William L | effries 4th, Patrick A Wilson, Sean B Rourke, Charles M Heilig,

- Jonathan Elford, Kevin A Fenton, Robert S Remis

Lancet 2012, 380(983): 341-348

Individual risk behaviors don’t adequately explain differences in HIV
Incidence between White and Black MSM.
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Presentation Notes
The mechanisms behind these disparities are not well understood. Meta-analyses like these reveal that:  [click through bullets]

[click] Findings like this force us to acknowledge that individual behaviors do not adequately explain differences in HIV incidence between White and Black MSM.  


Alternative Explanations


Presenter
Presentation Notes
Instead, factors like … [click through stamps] … are being discussed and studied as critical  mechanisms of HIV risk and protection. 

[click] Together these factors bring attention to the role of social and sexual networks (1) in facilitating the transmission of HIV, (2) in exposing people to their peers’ HIV risks and protections, and (3) in influencing behavioral decisions. 




Presenter
Presentation Notes
We call this the social network perspective. 


Essential Components of a Network

» Nodes = Actors = Vertices

» Tles = Edges = Links

» Directed (e.g., emaill)

» Undirected (e.qg., collaboration)

» Network (or graph) structure



Presenter
Presentation Notes
So, before I get ahead of myself, I want to take a sec to establish our network vocabulary. This will likely be obvious, but it deserves a brief review to make sure we’re on the same page.

There are three essential components to a network:  
[click 1]: nodes, aka actors or vertices; 
[click 2]: the ties between actors, aka edges or links; and 
[click 3]: network (or graph) structure, which describes the overall organization of ties at the macro level.


A network perspective on HIV prevention and risk assumes...

1. Actors and their actions are viewed as Interdependent rather than independent units.


Presenter
Presentation Notes
But what does it mean to have a social network perspective on HIV? 

[click]: Actors and their actions are viewed as interdependent, for example [click]… one person’s uptake of PrEP, the HIV prevention pill for high-risk HIV negative people, is seen as dependent on the PrEP uptake and/or attitudes of the people they are connected to.




2. Ties between actors are channels through which resources flow.
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Relational ties (or links) between actors are channels through which resources flow to and from actors, for for example…[click through]




A network perspective on HIV prevention and risk assumes...

2. Ties between actors are channels through which resources flow.


Presenter
Presentation Notes




3. Network structure provides opportunities for or constraints on individual actions.


Presenter
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Network structure provides opportunities for or constraints on individual actions

[click]: For example a highly centralized network structure means that hubs hold a lot of power because everyone else must go through those hubs to obtain information or other resources. So the hubs are advantaged while the spokes are constrained in this network.  BUT, in the context of a sexual transmission network, these very same hubs are probably most disadvantaged, as they are most likely contract HIV or other STIs.




A network perspective on HIV risk allows us to ask...

How are the...

» people you know and interact with...
» things that you talk about...

> afttributes of your networks...

...related to your HIV-related knowledge, attitudes, and behaviors?


Presenter
Presentation Notes
So, in summary, a network perspective on HIV risk allows us to ask…


(A TR el

A network data repository


Presenter
Presentation Notes
Now, I’d like to talk about the opportunity we have to seek answers to questions like these with digitally archived social media data — specifically data from Facebook.


» Resource intensive
> Participant fatigue
> Reporting biases

~ Missing data


Presenter
Presentation Notes
I realize that this may come as a surprise, but a time long ago (before you and the Internet were born), when we talked about collecting information about people’s relationships and social environments, what we were really talking about looked something like this — a researcher’s observations of subjects’ interactions, in-person interviews, and paper surveys.  And the thing is, these methods are still widely used for capturing information about real-world social networks. But there are lots of challenges. For example… [click through bullets]


Soclal media present opportunities for behavioral research and
Intervention among young MSM

» Young LGBTQ adults have been found
to use social media more than their
heterosexual counterparts (Taylor,
2013; Harris, 2007).

» Soclal media allows them to explore
their sexual and gender identities and to
find and build community, which can be
harder to do “offline”



Presenter
Presentation Notes
But that was then and this is now…Widespread use of social media has now introduced an alternative repository of network data with immense potential for providing insights about the social lives of young MSM and how those features relate to their HIV-related behaviors.

This optimism comes from awareness that  [click] young sexual and gender minorities tend to use social media more than their heterosexual counterparts, [click] and they use it to explore their sexual and gender identities and to find and build community — which can be hard for them to do “offline”.


But which platform Is best?

VANICH
NOW

photo by Viktorija Pashuta © www.pashutaphotography.com
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But which platform is best?

Although each of these platforms could provide insights about the interests and social lives of its users, they are not equally relevant to the task at hand. Remember, I’m primarily interested in learning more about the routine interactions and communication among young Black MSM and their peers and how that relates to their engagement in HIV prevention and risk behaviors. 

So, there are several factors that I need to consider when deciding which platform is best suited to this task: [click through bullets]

For me and my team at U. Chicago, Facebook was still the most viable and broadly applicable platform to examine. [explain why]


But which platform Is best?

Considerations:

» Capture: Does a majority of the targeted population use
the platform with enough frequency?

» Purpose: What types of content are generated and
shared among users?

~ Feasibility: How easy/hard Is it to obtain the data you
need?


Presenter
Presentation Notes
But which platform is best?

Although each of these platforms could provide insights about the interests and social lives of its users, they are not equally relevant to the task at hand. Remember, I’m primarily interested in learning more about the routine interactions and communication among young Black MSM and their peers and how that relates to their engagement in HIV prevention and risk behaviors. 

So, there are several factors that I need to consider when deciding which platform is best suited to this task: [click through bullets]

For me and my team at U. Chicago, Facebook was still the most viable and broadly applicable platform to examine. [explain why]


Facebook: A multidimensional social space

» As a soclal network, Facebook can
be examined as observed
relationships across multiple
dimensions (or layers):

- Person-to-person friendships
- Person-to-group affiliations

- Person-to-person (or person-to-
public) communication

Friendships

Group
Co-affiliations

Communication
Exchanges
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Empirically, Facebook also offers us a nice parallel to how peer relationships are structured offline. 

[click]: Like “real world” peer contexts, online peer networks are multidimensional.

[click through bullets]


The structural dimension of Facebook

Mediated Peer Contexts

reP CIICagol)

g it B
i

Direct Peer Relationships

yo s
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Presentation Notes
So, [click] the friendship ties and [click] group affiliations are the direct and mediated structural pathways through which peer influence and behavioral exposure occurs.


>

The communicative dimension of Facebook

What one talks about in these
contexts reveals clues about
personal and shared interests,
norms, and propensity to

engage In HIV prevention and
risk behaviors.

| n 1 item for you to review

__..-r' &
P Lindsay Erin Young’ = Activity Log ]
¢

Timeline About Friends 124 Photos & Archive More -

# Make Post [8] Photo/Video [I Live Video " Life Event

I e .'I..'.EN.- L'Ss Of Y our mind?
@ Intro e

Add Bio

@ Photo/Video & Tag Friends = Feeling/fActiv...
=7 Postdoctoral Scholar, Chicago Center for HIV
Elimination at The University of Chicago

= Posts =& Manage Posts — ListView Q= Grid View
T Studied Media, Technology, and Society at
Morthwestern University
(3} Lives in Los Angeles, California | Q Lindsay Erin Young
— " . p e 543 PM - 22w
() Joined April 2009 . September 27 at 5:43 PM - g

=\ Followed by 11 people There's nothing like taking the bitter taste in your mouth to the polls.
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Whereas the content of those pathways — i.e., Facebook communication — tells us more about the personal and shared interests of users, their norms, and their propensity to engage in risky and/or protective behaviors. 

Together, FB’s multidimensionality and its structural and communication features offer researchers a rich landscape to explore the network mechanisms of HIV risk. 

But the complexity of the data require computational techniques beyond what SNA on its own can offer. 


The Computational Toolkit

Research lllustrations
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So, now i’d like to illustrate how a toolkit of computational techniques — including SNA, semantic network analysis, machine learning approaches to textual analysis and predictive modeling — can be applied to this landscape through the lens of my Career Development Award research. 

[Explain what the K99 is]…


N om g LIS i
]

The K99 Study

~ Specific Aims

1. Examine the relationship between observed Facebook friendship and group
affiliation ties and HIV prevention/care engagement.

2. Characterize the semantic features of Facebook communication and
explore their associations with HIV prevention/care engagement.

3. Predict HIV prevention/care engagement as a function of Facebook
engagement patterns.
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Specifically, this projects aims to do 3 things: [click through bullets]


Study Population: Data Sources

» 423 YBMSM (aged 18-35) living in Chicago

Avalilable Data:

>

Facebook networks and communication content
» Facebook friendships

» Facebook group affiliations

» Facebook timeline posts

Prevention and care engagement behaviors
~ retention in care (HIV, PreP, or Primary)
» recent STI/HIV testing

HIV-related risk factors

~ sexual risk behaviors (e.g., condomless sex, sex drug use, exchange sex)

» structural vulnerabilities (e.g., housing instability, criminal justice involvement)
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[click]: To these ends, I’ll draw on data collected from 423 YBMSM living in Chicago — participants in a parent study called PrEP Chicago, which is an NIH-funded RCT prevention intervention.

[click]: the first set of data come from Facebook.  Specifically, using the FB manual download feature, we collected…

[click]: the second set of data come from electronic medical records, which we are able to access through ROIs. 

[click]: and the third set of data come from self-administered surveys and staff-administered risk assessments
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Facebook network structure & HIV-related behaviors

Facebook friendships and group aff

How do the HIV-related behaviors of YBMSM affect the structure of the

RQ

Facebook group affiliation network

Facebook friendship network
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In Aim 1, I’ll take on the question of: how HIV-related attributes of YBMSM bring structure to their relationships on Facebook.


g . 1.
]

Exponential random graph models (ERGMSs)

Stars = preferential
o attachment
» EGRMs are statistical models for network _
Triangles =

structure that help us understand how and why social balance ®
O C '
y

network ties emerge.
» They model the likelihood of local configurations ®
(or network motifs) — I.e., they determine
whether these configurations occur more (or ® e G\@
less) often than would be expected by chance

alone.

~ Local configurations represent distinct social
processes, for example social balance or @ @
preferential attachment.
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To do this, I’ll apply a class statistical models for social networks called exponential random graph models, or ERGMs for short. 

[click]: EGRMs are statistical models for network structure that help us understand how and why network ties emerge.

[click]:  They do this by modeling the likelihood of [click] local configurations (or network motifs). This is another way of saying that they determine whether these local configurations occur more often than would be expected by chance alone.

[click]: Now, these local configurations are important because they represent distinct social processes.  For example [click] triangles represent social balance, which is the tendency to form friendships — e.g. — with the friends of our friends. This of course is what the Facebook “friend” recommendation system is based on. [click] Stars, on the other hand, represent the tendency to form ties with popular network members.  

So, the selection of which configurations to include in a model should correspond to theories of social interaction you want to test. 


Exponential random graph models (ERGMSs)
~ These configurations can be

endogenous — I.e., emerging from ~ m
the connections actors make In

. . . ~ (4
response to other ties Iin their social
environment. g O O\Q

> E.g., when YBMSM are more likely
to become Facebook friends with
the friends of their friends




Exponential random graph models (ERGMs)

» Configurations can also be exogenous

. o ® ()
— i.e., emerging in response to /O
properties that exist outside the ‘\"
network, like the attributes of network () .
actors. — @

» E.g., when marijuana smokers tend
to be popular; or when marijuana
smokers tend to be Facebook friends
with one another
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ERGMSs “under the hood”

A simple heuristic:

Calculate number of each configuration in the

observed data.

Simulate a sample of random graphs with similar

structure to the observed network (like network
rewiring).

Calculate number of each configuration for each

sampled graph.

Compare the distribution mean for each

configuration (what we expect by chance) to the
observed counts

The General FOrm:
exp(f’ g(v))
k()

P(Yy =y) =

» Y IS a hetwork realization

» Yy Is the observed network

-~ g(y) Is a vector of model statistics for network y,

» O is the vector of coefficients for those statistics,

» Kk(®) is a normalizing factor.
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For those of you interested in understanding what ERGMs do under the hood, the following heuristic is useful… [click through each bullet]

[click]: And for those of you who love your math, this is the general form of an ERGM


Model 1: ERGM of Facebook friendships among YBMSM

Facebook network structure & HIV-related behaviors

» RQ: How do the HIV-related attributes of YBMSM bring structure to their

Facebook friendships?

» YBMSM attributes: HIV prevention
and risk behaviors, HIV status,
structural vulnerabilities

Configurations of Interest

Homophily

o

@ = YBMSM with attribute
7 = YBMSM with or without attribute

Popularity

@ = YBMSM with attribute
£+ = YBMSM with or without attribute

Clustering o

@ = YBMSM with attribute
¢ = YBMSM with or without attribute

Figure 3. Interaction Edge

Figure 4. Alternating K-star,
actor centered

Figure 5. Alternating K-two path
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OK, now that we got ERGMs down, lets talk about the models I’ll estimate in this project.

As a reminder: the overall ambition is to determine whether and how the HIV-related behaviors and attributes of YBMSM bring structure to (or organize) their relationships with one another on Facebook.


. el - HEUR - oy TR - - b 2o = - b - b

Facebook network structure & HIV-related behaviors

Configurations of Interest

Model 2: ERGM of Facebook group affiliations among

YBMSM Q} Im
Selection
effects
» RQ: How do the HIV-related attributes of YBMSM | |
bring structure to their Facebook group affiliations? Rt

» YBMSM attributes: sex behaviors, prevention
behaviors, HIV-related communication traits

Clustering
effect

»  Group attributes: group focus (e.g., LGBTQ identity,
sex/sexuality, general chat, recreational interests)
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NOTE AT END: mention multiplex and temporal variations on these models that could also be explored
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Facebook communication & HIV-related behaviors

» RQ1: To what extent do YBMSM talk
about HIV-related issues on Facebook?

» RO2: What is the underlying structure of
that discourse?

» RO3: To what extent are the features of
an individual’s communication related to
their HIV-related behaviors?


Presenter
Presentation Notes
The second aim focuses on understanding patterns in each participant’s timeline posts and, then, connecting those patterns to their HIV prevention and care engagement behaviors. More specially, I’d like to explore… [click through]


Facebook communication & HIV-related behaviors

'i Activity Log

DECEMEER 31

ﬁ Lindsay Erin Young was tagged in a
post.
Dec 31, 2011 2:33pm

DECEMEER 29

ﬁ Lindsay Erin Young commented on
post.

_l Lindsay Erin Young updated her
status.

DECEMEBER 27

(D Lindsay Erin Young likes [N
ot

Activity Search

new years eve about to be epic, getting it in with
dinner and then stay with some clowns

The bigger mystery 15 why anyone would turn to
cup-o-soup to rebound from a mid day slump.
Gross..

New Year's resolutions...doomed for failure perhaps,
but they signify something important...the intention
to improve oneself. So let's all spend the next couple
days before the new year begins thinking about what
well-meant unkept promise we'll make to ourselves
for 2012.

goodbye Grand Rapids, goodbye parents' house,
goodbye in-unit laundry, dishwasher, car, abundant
costco snacks, great friends, family, low sales tax,


Presenter
Presentation Notes
The first set of methods that I’ll employ under Aim 2 falls under the broad category of automated textual analysis. 

As i mentioned, the text here come from the timeline posts of 423 YBMSM. To determine the extent to which YBMSM talk about HIV-related issues…[click]…I’ll start by building a search term dictionary of key words and phrases that fall under a series of broader factors known to be associated with HIV (e.g., sex/relationships, certain social scenes, partying/substance use, financial instability, homelessness, etc.)



Facebook communication & HIV-related behaviors

>

Build a search term dictionary of words and

phrases related to sexual activity, substance
use, sexual health, and other factors
associlated with HIV.

Extract key terms used In each participant’s

corpus of timeline posts.

Classify individuals into more meaningful

categories based on their use (and non-use)
of key terms using Latent Semantic Analysis.



Aim 2 S .
Facebook communication & HIV-related behaviors
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Presentation Notes
Latent Semantic Analysis (LSA) is a technique in natural language processing that uses distributional semantics to analyze relationships between a set of documents (or in my case a set of posts linked to an individual) and the terms they contain. 

LSA produces a term x document matrix with term counts/frequencies in each document.  This is just a kind of weighted heat map (point to map), which enables detection of latent components or clusterings of documents and words in the discursive space.

So, what LSA will help me do is categorize individual’s into latent categories on the basis of their shared use and non-use of specific terms. It can also be used to obtain similarity scores between individuals (or corpi) which can then be fed back into the ERGMs as dyadic variables. 



Facebook communication & HIV-related behaviors

Two-mode network: ties between individuals and the
keywords they use


Presenter
Presentation Notes
But one thing that LSA does not do is tell us about the relational structure among keywords and timeline posts. That’s what semantic network analysis can do. 

So, like social relationships, text can be also be analyzed as networks. The baseline network is [click] a network of linkages between individuals and key words…


Facebook communication & HIV-related behaviors

One-mode network: weighted ties between individuals
represent joint use of keywords.


Presenter
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But what’s more heuristically useful is to convert that 2-mode network into either a one-mode network of individuals with links between them reflecting common term usage…


Facebook communication & HIV-related behaviors

(1)

o -

One-mode network: weighted ties between keywords
represent keyword co-occurrence
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… or as a one-mode network of keywords with links between them reflecting keyword co-occurrence.


Facebook communication & HIV-related behaviors

H\ . / e "
N\ o community
| | . 9
\ _ . ®:
P . 4
e ™ . :

Z

Community detection among individuals
or among words



Presenter
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Together, these network characterizations of text will allow us to identify more meaningful clusters of keywords and YBMSM that will help us distinguish and describe different discursive communities in this population. 

With the network of individuals connected via their shared use of keywords we can see how different types of individuals cluster on the basis what they talk about. Alternatively, with the  network of keywords connected by their co-occurrence in the same posts, we can see how topics emerge and intersect. 


Facebook communication & HIV-related behaviors

RQ: Is there an association
between the way YBMSM
communicate and their HIV
prevention and care
engagement?


Presenter
Presentation Notes
The final stage of analysis for Aim 2 is to see whether there is a statistical association between how an individual communicates and features of their larger communication environment and their prevention-oriented behaviors.  

To this end, regressions will be performed on each of the 2 primary prevention outcomes.  The main set of predictors will be a series of variables capturing aspects of an individual’s Facebook communication style derived from the LSA. Additional covariates will include sex behaviors, structural vulnerabilities and network position — all of which have been linked in prior work to HIV-related outcomes.


Building a predictive model of HIV prevention/care engagement

Digitally-archived social Predictive Analytics Tallored interventions for
media data high risk YBMSM

RQ: Can weidetify at-risk YBMSM andprei future evein eggeent
through social media use patterns
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Finally, the third aim of this project is to use a “Big Data” Approach to see whether features of an individual’s Facebook use — namely aspects of their communication and structural features of their network environment — can be used to predict future prevention and care engagement (or engagement failure) among YBMSM. 
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redictive Analytics In Healthcare

Big Data Source:

Electronic Medical Records (EMRS)

Add | Edit Picture |

. !! - Personal Information

55 Medical Coverage

_ Medication History

. Mlergies

P s

Implants

":'H B

ant Organ Donor

- Heaith History

. . Charting

(i hir

Health History )
Symptams - Review of Systems || Fain Scale | Past Medical Histary || Farmily History H Habits
Click the NEW PAIN button and then click the Pain Area Lewvel
area where you are experiencing pain: Lower Back 9 Burning, Constant, Dull Ache A
1 NEW PAIN | Left Hee! 3] Elurning,__E_h_arp
Back Head g Dl Ache, Sharp

b4
L

Delete

No Pain Worst Ppssihle
Pain

OO Q202040506 Q7 Q308010

Type of Pain

Burning Constant Dull Ache
[ ] Mumbness [ Sharp [ Stabhing
[] Intermittent

==

—— - e e e e


Presenter
Presentation Notes
When we talk about “Big data” analytics in healthcare, the data source most likely to come to mind are [click] Electronic Medical Records, which contain a swath of medical data about an individual that can be used to profile patients in terms of their risk for potential diseases, retention in care, likelihood of readmission, etc.

But my questions are: What can EMRs really tell us about the social and cultural variables that we know to be related to prevention engagement? (e.g., peer networks, social engagement, experiences with stigma and discrimination). Further, what can EMRs tell us about someone who has little health care engagement in the first place? 


Predictive Analytics in Healthcare

Big Data Source: Social Media?
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Social media offer us a window into the routine lives, experiences, and interests of young sexual minorities who may otherwise be marginalized from the mainstream health system. So, the goal of this portion of the project is to see whether features of social media use — e.g., who they are connected to, the structure of their relations, patterns of communication, and macro-level engagement patterns — can enhance our predictions of who might be at risk for HIV or retention failure, above what we can predict with EMR data.


>

Model Details

Approach: Machine learning techniques (e.qg.,
decision trees, random forests)

Features: Features of Facebook communication,
group affiliations and friendships + EMR data,
sex behaviors, substance use, structural

vulnerabilities, sexual identity, demographics

Output: Retention scores/classifications (e.g.,
probabillities of being retained in PrEP care); and
iIndications of which features are the most
accurate predictors

Building a predictive model of HIV prevention/care engagement

Oversimplified Decision Tree Model
(predicting retention in PrEP care as a function of FB features)

Talks about sexual health on FB
timeline?

Mentions PrEP on
FB timeline?

Has FB friends who post
about PREP?

Yi EN Yi ;N Y N Y N

w

Member of LGBTQ
FB group?

Yes NO

Has FB friends who post
about PREP?

R = retained; NR = not retained
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Here, I propose using machine learning techniques for predictive modeling — e.g., decision trees and random forests — which will allow me to develop a classification system that predicts or classifies future observations (e.g., retention in PrEP care) based on a set of partitions or decision rules which come from the observed features (or variables) we include in the model. 

[click]: So, here’s an example of a simple decision tree model predicting retention in PrEP care as a function of 3 features of an individual’s FB communication and/or network.  [walk through example model]

Although it is beyond the scope of this study to intervene with individuals classified as low probability of retention, probability scores like these could be of tremendous value to applied researchers who aim to identify high-risk members of targeted populations for tailored interventions or for frontline staff who want to identify patients and clients who need more proactive care and engagement. 

Decision trees pluses:
Are non-parametric and therefore do not require normality assumptions of the data.
Can handle data of different types, including continuous, categorical, ordinal, and binary. Transformations of the data are not required.
Can be useful for detecting important variables, interactions, and identifying outliers.


Practical Implications

» AlIm 1: ERGMs model effects of configurations that can help us identify
pockets (or structural signatures) of social and behavioral norms that
may need to be intervened with (or leveraged) to facilitate behavior

change In a targeted population.

» Alm 2: ldentifles communication patterns that could be flagged and
used as catalysts for a near-real time intervention

~ Alm 3: Identifies more people at risk for future risks (e.g., retention
failure), which will enable more tailored and proactive intervention
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So, what do I ultimately get out of using this methods?  In other words, what are the practical implications of this work?

[click through bullets]


Outstanding guestions and future work



Future Research

Information diffusion in a competitive information environment

» The problem: Influencing the sexual health
attitudes and behaviors of YBMSM is difficult
when their online social environments are
saturated with all kinds of competing
Information.

~ The project. Can we model what will happen
to the diffusion process when information
competes with or complements one another
and use those Insights to design more
effective diffusion interventions in organic
online networks?
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Intro: A significant portion of my work over the last several years has simply been to figure out ways to affect the attitude and behaviors of YBMSM about a novel prevention medication called PrEP. One way to do that is through “network interventions” that use strategically selected peer leaders who are trained to use their influence in their networks and talk about HIV prevention with their peers. AI has a lot to offer the process of selecting those peer leaders and in two weeks you’re going to hear a presentation on this very subject. 

[click]: That said, another area rife for SNA-AI collaboration is in modeling information propagation scenarios in network intervention settings.

[click]: As one can imagine, it’s actually really hard to influence the attitudes and behaviors of anyone when they are embedded in a social environment saturated with information — some complementary and some contradictory to the study’s messaging strategy.

[click]: the question i’d like to explore is whether we can model what will happen to the diffusion of PrEP information when information competes with one another and use that information to design more effective diffusion interventions in the online networks


Future Research

The relationship between online and offline network dynamics

» The problem: Eliciting offline social
networks over time is incredibly
resource-intensive. But turnover in those
networks have been linked to critical HIV
risk and prevention outcomes.

» The project: Can we predict turnover in
offline networks (e.g., the introduction of
a new sex partner) from dynamic
features of online social networks.
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Another area worth exploring is the relationship between online and offline network dynamics.

[click]: Eliciting offline network contacts as is done in network testing procedures, can be incredibly resource intensive.  But turnover in those networks (e.g., intro of new sex partner)  have been linked to HIV risk. 

[click]: That said, we do know that there tends to be overlap between the people you’re connected to online and the people you interact with in the physical environment. 

[click]: So, the question is whether we can can predict turnover in offline networks from dynamic features of online social networks.
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