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1. Rationale and specific aims 
 
Hispanics/Latinos, who are the fasting growing group in the US, have a 66% higher prevalence of diabetes 
compared to non-Hispanic whites (11.8% vs 7.1%).  Our Hispanic Community Health Study / Study of Latinos 
(HCHS-SOL) showed diabetes in ~17% and pre-diabetes in 36% of 18 to 74 year old Latino adults.  Known 
diabetes risk factors including diet, physical inactivity, and obesity do not fully explain variation in diabetes 
across Latinos and other race/ethnic groups.  Recent discoveries suggest that the gut microbiome (GMB) may 
play a role in the etiology of diabetes.  GMBs that share similar metagenomic functional groups (e.g., lower 
butyrate production) tend to be present in diabetic patients, and experimental studies show that transfer of 
GMB from one individual to another may change the recipient’s metabolic health.  This raises the possibility 
that the elevated diabetes risk among Latinos may be partially explained by the influence of the GMB, which in 
turn might suggest a novel explanation for family and ethnic group clustering of diabetes.  However, there are 
still major knowledge gaps.  People living in different geographic locations are known to harbor different 
potentially adverse sets of GMBs.  However, GMB and diabetes has never been studied in a diverse Latino 
cohort, which is necessary to examine the possibility that population-specific GMB signatures among Latinos 
may predispose to diabetes.  Most prior studies of the GMB and diabetes have used convenience populations 
and have lacked longitudinal assessments. Studies that overcome these limitations can potentially lead to a 
new era of diabetes prevention and treatment, since available interventions can modify the GMB. 
 

Our main hypothesis is that specific patterns of the gut microbiome will be associated with diabetes, pre-
diabetes and glycemic traits among Latino adults.  In HCHS-SOL, the largest ever long-term study of US 
Latinos, 16,415 cohort members were recruited during 2008-11 (V1) and will complete six-year followup 
examinations during 2014-17 (V2).  Both V1 and V2 included fasting plasma glucose (FPG) and a 2h oral 
glucose tolerance test (OGTT), in addition to other laboratory (e.g., HbA1c, insulin), clinical (e.g., adiposity) 
and behavioral (e.g., diet, exercise) measures relevant to diabetes.  With the exception of GMB (fecal) 
sampling, all of the key protocols are already in place.   

Operational tasks are: (i) collect stool samples from 2,000 subjects attending V2 at all four HCHS-SOL sites, 
along with clinical and behavioral data including medication use and diet; (ii) analyze stool samples for GMB; 
and (iii) perform analysis of GMB integrated with extensive existing data in HCHS-SOL (1, 2).  Designed in the 
setting of a large, population based sample, HCHS-SOL is uniquely suited to discern ethnic differences in GMB 
makeup and to study the association of GMB with diabetes across birthplace/national background groups.   

Aim 1.  Investigate factors affecting the gut microbiome (GMB) among Latinos.  We hypothesize that GMB 
composition differs with national background (e.g., Mexican, Puerto Rican, Cuban, etc), birthplace (80% are 
foreign born), gender, age, adiposity, shared household, genetics and relatedness.  Diet will also be assessed 
concurrent with GMB (to update HCHS-SOL V1 diet data) and we will correlate diet with GMB.    

Aim 2.  Evaluate the association of the gut microbiome (GMB) with the presence of diabetes and pre-diabetes. 
Our hypothesis is that the GMB differs between across three groups defined at V2, including: diabetes 
mellitus (N=400, measured FPG≥126; HbA1c≥6.5%; 2hPG≥200 and/or diabetes medication use);  
prediabetes (N=800, FPG 100-125; HbA1c 5.7%-6.4%; 2hPG 140–199), and normoglycemic (N=800, 
normal FPG, HbA1c and 2hPG). Lab testing from V2 as well as V1 (six years earlier) will define groups who 
meet glycemic criteria persistently over time, and also distinguish recent onset versus longstanding diabetes.  
Events follow-up among all 1,600 nondiabetics in the GMB study is funded as part of the main SOL study 
through 2019 and can also identify incident DM.   
 

To help interpret results, we will make use of existing HCHS-SOL data already in place including 
metabolomics, sociodemographics, health behaviors and genetics (2.5M SNP GWAS array and whole genome 
sequencing).  This will control for important confounders, while integrated analysis of GMB, metabolites and 
genetic polymorphism data can provide functional insights and point the way to future experimentation and 
intervention.   
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2. Background 

Epidemic of Diabetes Mellitus in the US Latino Population.  Diabetes mellitus (DM) affects over 25 
million individuals in the US, with high morbidity and cost (3, 4).  Over 50 million people have prediabetes (3).  
Diabetes does not affect all racial/ethnic groups equally.  In a 2007-2009 US survey, 11.8% of Latino adults 
had diabetes (3), a 66% higher prevalence compared to non-Hispanic whites (7.1%).   We recently reported a 
17% prevalence of diabetes mellitus in a population-based 2008-2011 sample of Latinos in the US (5). The 
Latino population comprises the largest and fastest growing US minority population (17% of the US) (6).  From 
2005 to 2050, the Latino population is projected to account for 60% of the US population growth (6) and will 
grow to 128 million, or 29% of the entire US (6). Latinos represent diverse cultures, backgrounds, and origins, 
and as a group tend to experience greater socioeconomic adversity than others. Nationwide, 65% of Latinos 
are Mexican, 17% Central/South American, 9% Puerto Rican, 4% Cuban, and 5% other background (7).  
About half of Latino adults are born outside the US (80% of HCHS-SOL are born outside the 50 states), 38% 
lack a high school education (vs. 9% of non-Hispanic whites) and 25% live in poverty (vs. 11% of non-Hispanic 
whites). Diabetes is a major health problem for the expanding Latino population and more research is needed 
to identify new approaches for prevention and management of DM in this and other populations.  
 

Etiology of Type 2 Diabetes  The etiology of type 2 DM is multifactorial and has a strong heritable 
component (20%-80%) based on family, twin, and population studies (for review see (8)). The largest genome-
wide association study (GWAS) included 35k cases and 115k controls with individuals of predominantly 
European ancestry (9).  This study identified 63 autosomal loci that together accounted for only 5.7% of 
variance in disease susceptibility. Additional recent work with multiethnic samples brings the total number of 
DM related SNPs to 70 (10).		Thus, although the GWAS results are promising for particular candidate genes 
that might explain DM pathogenesis, to date the genetic variants do not explain much of the family-related or 
heritability of DM.  Based on very recent results (11-14), we speculate that the gut microbiome (GMB) will play 
an important role in diabetes pathogenesis, particularly since the GMB can be acquired from family members 
(15) and thus, has the potential to explain some family clustering of diabetes (11, 13, 16-18).  
 

Gut Microbiome and Diabetes   The human microbiome is the totality of microbes that constitute the 
community of commensal, symbiotic and pathogenic organisms residing in and on us (19-21).  Data supporting 
the GMB as a cause of diabetes would usher in a new paradigm of disease prevention and management (22-
24).   The convergence of massively parallel (Next-Gen) sequencing, expanded computing capacities and 
software pipelines now allows characterization of the microbiome in a culture independent manner empowering 
new opportunities for research (21, 25, 26). Since the introduction of these transformative technologies, a rapid 
accumulation of knowledge on the role of the GMB on diabetes and/or metabolic functions is beginning to 
emerge (for reviews see (12, 16, 20, 21, 27-33)).  While it is unclear whether behavioral risk factors for DM 
may have differential impact across populations, there is convincing data suggesting that people from different 
global regions harbor different microbiota and the disease associated sets of GMB may be different. 

Human studies – Multiple studies (Denmark (17), Sweden (11) and China (13, 18)), including in total < 
700 individuals have reported on the association of the GMB and diabetes as reviewed in Nature (12, 14). The 
most consistent finding amongst the 2 studies that evaluated functional gene groups was the presence of 
bacterial groups involved in lower butyrate production (12). However, there were striking differences between 
the 2 populations.  Among diabetics, the Swedish study found fewer Clostridiales bacteria (11), whereas the 
Chinese group found fewer Roseburia intestinalis and F. prauznitzii organisms (13). Thus, similar functional 
groups were noted, but they were associated with different microbial organisms in each population 
demonstrating the need for individualized study in specific populations. In addition, when patients with impaired 
glucose tolerance (i.e., prediabetes) were characterized (11), > 60% had microbiome features of the group with 
DM and these individuals also had elevated triglycerides and C-peptide indicating the GMB identified 
prediabetics with other features similar to those with DM.  The model proposed for these findings suggests a 
scenario where reduction of butyrate producing bacteria leads to intestinal inflammation that has been 
suggested to be a characteristic of insulin resistance and DM (34). However, it should be noted that both of the 
studies using a metagenomic approach were performed on individuals with BMIs in the normal range. Thus, 
there are limited data on individuals that are obese or have excessive BMI as a precursor and risk factor to 
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development of diabetes. The currently proposed study will have sufficient numbers of high and normal BMI 
individuals to study the role of the GMB on diabetes development in different strata of BMI. 

 

Animal models –	To test the etiological relationship and approach the mechanisms of the GMB on 
metabolic disorders and diabetes, studies have used gnotobiotic mice (i.e., mice raised in a sterile 
environment) to transplant GMB bacteria from metabolic abnormal/obese and normal humans into such mice, 
feed them the same diet and measure weight gain and metabolic function (35). These studies consistently 
report that the mice receiving the GMB from metabolic abnormal/obese humans gain more weight than the 
genetically identical mice receiving GMB from lean individuals. The mice also had metabolic abnormalities 
similar to those seen in human studies (12) and there was an inverse relationship between adiposity and 
butyrate (35). Other studies modulated the gut microbiome in type 2 diabetic mice models with antibiotics and 
showed amelioration of insulin resistance with accompanying decrease of inflammatory markers (36-38). Thus, 
there is animal model support for the relationship between the GMB and metabolic abnormalities/DM.  

GMB and diet.  Our gut environment houses a complex community of microorganisms (39, 40), which 
metabolize dietary substrates generating secondary metabolites that influence the host’s cardio-metabolic 
health; in turn, the gut microbiota is itself shaped by the host’s diet (41-43). Plant-based diets differ from 
animal-based diets with respect to several microbe-dependent metabolic pathways, including increased 
metabolism of fiber and polyphenols, and decreased metabolism of bile acids, choline and L-carnitine, and 
amino acids (41, 43, 44), which could explain their association with cardio-metabolic risk. For instance, several 
studies have found a continuous gradient of relative abundances of gut microbial taxa, ranging from high 
Prevotella abundance to high Bacteroides abundance; the former is associated with intake of fiber rich plant 
foods, the latter with animal protein and saturated fat intake (15, 40, 45-48). Prevotella species and other 
microbial strains degrade otherwise indigestible carbohydrates to short chain fatty acids (45), of which butyrate 
has cardio-protective effects (49). Interestingly, a high Prevotella-to-Bacteroides ratio has been found to 
mediate the beneficial effects of dietary fiber on glucose metabolism (50).Taken together, different diets may 
cause variation in relative abundance of specific gut microbiota , and thus the typical dietary pattern of US 
Hispanics/Latinos is one of the features of this population that makes the study of the gut microbiome 
important and interesting.   
 

Impact: Establishing an Etiological Role for the Microbiome in the Pathogenesis of Diabetes     The 
accumulation of consistent evidence for the role of the GMB in diabetes would provide the basis for a major 
paradigm change in understanding the pathogenesis of diabetes as also discussed by Fredricks and Relman 
(51). The data generated in this study should provide the needed scientific basis to move to the next stage of 
the paradigm change - that is in the prevention and treatment of diabetes through targeting the GMB by use of 
antibiotics, alteration/replacement through probiotics/transplant and diet changes (22-24, 28, 52-54).  Current 
work suggests the gut microbiome is relatively stable over long periods of time (55-59), and making changes to 
the GMB may require a multimodality approach, e.g., inducing changes through antibiotics or replacement, 
followed by maintenance of a changed GMB through diet and other means. With extensive host genetic data 
(GWAS), metabolomics, and dietary data in HCHS-SOL, we are also positioned to examine how cometabolism 
between microbes and the host may explain the association of GMB with diabetes/prediabetes risk. This type 
of integrated analysis has been fruitful in other diseases (e.g., role of TMAO in CVD, see Ref (60)), yet little 
similar information has been collected for diabetes.   
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3. Methods 

Brief overview of research plan. The GOLD study will request gut microbiome (GMB) samples from participants 
of the HCHS-SOL study returning for visit 2 (V2).  Out of the 16,415 HCHS-SOL subjects, we will enroll 2,000 
subjects to provide a GMB sample.  Well-accepted laboratory measures will define diabetes and pre-diabetes.  
Data will come from V1 ("baseline" visits, 2008-11), V2 (six-year follow up visits, 2014-17) and annual HCHS-
SOL follow-up contacts.  For all enrolled in GOLD, stool collection kits will be distributed through ongoing study 
contacts and returned by mail for analysis.  Longitudinal data on incident diabetes and prediabetes will thus be 
available both from repeated blood samples, as well as reports of newly-diagnosed cases of incident diabetes 
that will be ascertained through the main HCHS-SOL study’s yearly follow-up.   

 

Study setting: The Hispanic Community Health Study (HCHS) - Study of Latinos (SOL) Cohort  
Subjects: HCHS-SOL is a prospective, population-based cohort study of chronic disease risk factors and 
morbidity and mortality in US Hispanics/Latinos of diverse backgrounds.  During 2008-11, 16,415 men and 
women, of Cuban, Dominican, Puerto Rican, Mexican, and Central and South American background, ages 18-
74, were recruited from randomly selected households in defined geographical areas near the 4 field centers 
(FCs) in San Diego, CA, Chicago, IL, Bronx, NY, and Miami, FL. The cohort was assembled using a stratified 
two-stage area probability sampling design (61) that provided diversity in SES and national origin or family 
background.  HCHS-SOL oversampled ages 45-74 (60% of cohort) to facilitate examination of target 
outcomes. On average, 1.8 people per household were enrolled and 9,872 households are represented. Of 
eligible screenees, 42% were enrolled, a very high percentage for a population sample being recruited into a 
long-term cohort study. See detailed information on the HCHS-SOL study design, refs (61, 62). 
 

Measures: The baseline assessment, Visit 1 (V1), included an examination and collection of laboratory data.  
See ref (62) and the study web site (www.cscc.unc.edu/hchs/) for full protocols.  At V1, informed consent was 
followed by a 7-8 hour in-person baseline examination that included comprehensive biological measurements 
(e.g., anthropometric measurements, urine and fasting blood samples with ~20 lab tests, oral glucose 
tolerance test (OGTT, 75 g glucose load), HbA1c, ankle and brachial blood pressures, electrocardiogram).  
Interviewer-administered questionnaires collected socio-demographic data (e.g., socioeconomic status/SES, 
place of birth, migration history), medical history, medications, and data on lifestyle risk factors, social and 
cultural factors, occupation, disability, and health care use.  Immediately following V1, participants completed a 
one-night home sleep study and 7 day accelerometry to estimate physical activity.  Diet assessment protocols 
include two 24-hour dietary recalls were administered, one during V1, and again via telephone 6 weeks later.  
A food propensity questionnaire containing 115 food items and 137 individual questions was collected 12 
months later at the Year 1 phone contact.  A 2.5 million SNP GWAS, imputed to ~10 million SNPs, was 
performed on 13,175 members of the cohort.  Whole genome sequencing (WGS) is underway with >4,000 to 
have completed WGS as well as plasma metabolomic profiling in the near future through the NHGRI Common 
Chronic Disease Genomics/CCDG collaboration (Kaplan, Boerwinkle).   
 

V2, which is completed ~6 years after V1, repeats key study measurements from V1.  The current proposal will 
use data from V1 and V2 to characterize diabetes and pre-diabetes by fasting plasma glucose/FPG, insulin, 
hemoglobin A1c, OGTT (2hr glucose and insulin), medication use and diagnoses relating to diabetes.  For 
instance, we can define normoglycemic individuals as those that have normal values at both the first and 
second visit, while those with diabetes at V2 can be classified as either recent-onset diabetics or longstanding 
diabetics (based upon lab tests from V1 and date of diabetes diagnosis).  
 

Annual Follow-Up: Annual telephone or in-person follow-up interviews are in progress and funded through 
2019 to ascertain mortality, incident diabetes, and other outcomes (e.g., CVD events). Of 16,415 participants in 
the cohort, annual follow-up contacts have been completed by ~85%.  To date, over 700 participants have 
died, and incident “hospitalized” or “fatal events” number in the several hundreds for myocardial infarctions 
(MIs), strokes, heart failure (HF), and COPD/asthma exacerbations, all of which are undergoing central 
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adjudication. Among those who were nondiabetic at baseline/V1, to date we identified over 700 cases of 
incident DM reported during follow-up contacts as a new diagnosis and treatment. 

      
The Gut Origins of Latino Diabetes (GOLD) Ancillary Study: Subjects and Design.  In the following 
sections we describe new data collection and use of key existing data for the GOLD ancillary study on GMB 
and diabetes. 

Gut Microbiome Sample Collection : Between Oct 1, 2014 and Sep 30, 2017, all HCHS-SOL 
participants are being invited to undergo a follow-up clinic visit (V2) that will evaluate at least 80% of surviving 
cohort members (N~12,800).  This examination will be conducted during a 6-month window approximately six 
years after the participants’ baseline (V1) examination.  V2 is of 3 hours duration, and includes informed 
consent, interviews, procedures, and exit interview that will include discussion and recruitment for the GMB 
ancillary study (aka, Gut Origin of Latino Diabetes study, GOLD).  As with previous and ongoing ancillary 
studies, we will seamlessly embed recruitment and data collection for GOLD into the ongoing V2 examinations.   
 

Retention and Outreach: HCHS-SOL’s retention process involves frequent interactions with participants.  All 
receive a quarterly newsletter with articles about health topics of interest to the community, and community 
events are held relating to the study.  Information on the microbiome and health will be included in newsletters 
and other communications to promote participation in the GOLD ancillary study. FCs emphasize the 
confidential nature of study data, and provide clinical referrals for problems identified (e.g., diabetes) as well as 
general assistance (insurance enrollment advice) which are benefits that participants value. 

 

Logistics of GMB Studies:    

1. The Einstein team (Kaplan, MPI) will coordinate study set up including finalizing protocols, IRB applications, 
materials to advertise the study among HCHS-SOL participants, staff training, and interaction among the sites.   

2. All 4 HCHS-SOL field centers will collect fecal specimens and ship to MPI Burk’s lab (specimen repository).   

3. After intake and tracking of specimens, Dr. Burk will ship specimens in batch to MPI Knight’s lab (GMB lab). 

4. The Knight lab will be responsible for extraction, amplification, next-gen sequencing and the first level GMB 
analysis including filtering, normalization, creating OTU tables and functional gene groups from sequence data.  

5. GMB data from Dr. Knight will be provided to the statistical team at Einstein for epidemiological analyses. 
Dr. Knight’s lab will also be involved in the ecological analyses and visualization of data (21, 63-65). 

6. The HCHS-SOL Coordinating Center will create on line systems for the sites and laboratories to use in order 
to track eligibility, enrollments, refusals, and achievement of enrollment targets.   
 

Recruitment approach.  To date, HCHS-SOL is on track to meet its goal of recruiting 12,800 participants from 
the initial cohort (80%) to return for the 2nd visit (V2). Each of the 4 sites will request that the participants 
attending V2 participate in GOLD to help understand the role of the GMB on their health. Individuals that agree 
to participate will provide written informed consent.  They will be instructed in use of a specimen collection kit 
that will be sent home with them containing all the materials needed.  A pre-addressed stamped envelope will 
allow easy return of the specimen to the Burk lab.  A brief in person questionnaire will elicit use of antibiotics 
and GI medications within 6 months of sample collection so that we can assess the impact on GMB and 
perform appropriate exclusions during analyses (21).  Participants that return a specimen will receive modest 
compensation.  GMB (fecal) specimen will be collected at a single V2 time point, which will be appropriate 
based on the observations that a GMB sample is representative of an individual’s core GMB and is stable for 
years if not decades (55, 59, 66).  

Upon recruiting a participant into the GOLD ancillary study, field center staff will complete the “GOLD 
Enrollment and Tracking Form” (GOL) to document the fact and date of enrollment.  A brief questionnaire 
(GLQ) will record information about medication use, diet and medical history.  Both of these forms will be 
completed at the time of recruitment, after which time the participant will be sent home with the specimen 
collection kit. 
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Methods for microbiome sampling.  Gut microbiome (fecal samples) will be self-sampled using a disposable 
paper inverted hat (Protocult collection device, ABC Medical Enterprises, Inc., Rochester, MN) that goes over the toilet seat.  
Two samples will be obtained using a method that will be provided and explained by study staff, with an 
instructional video providing information about how to collect the stool.  The participants will sample the stool 
with a plastic applicator, spreading a small amount on a Whatman FTA card (Sigma-Aldrich).  They will collect 
a second sample which will be placed in a supplied container containing a stabilizer (RNAlater, Qiagen, Valencia, 
CA, OmniGene Bioproducts, Woburn, MA), shaking the tube in order to mix the stool and the preservative which 
stabilizes DNA and RNA (67).  Specimens collected in this manner have been shown to preserve the 
composition of the microbiome for up to 14d at room temperature (68). Both specimens are placed into a bag 
with absorbent / desiccator material and sent ‘Priority Mail Express’ (USPS) in a supplied envelope to the Burk 
lab.  Thousands of samples have been collected using mail-in approaches by the American Gut Project 
(http://americangut.org), run by our MPI, Dr. Rob Knight.  Kits will be prepared by the Burk laboratory for 
distribution to all sites. When the fecal samples are received by Dr. Burk, they will be assigned a lab ID, logged 
into the database and stored at -80o C until processing for molecular analyses. The lab ID is linked to the kit ID. 
The kit ID can be unequivocally linked to each subject.  No subject’s personal identifying information (e.g., 
name) need be included on the kit.  
 

Data Capture and Management: A centralized web-based data entry system was developed and 
implemented by the Coordinating Center (CC) for V1 and V2. The system developed by the CC has several 
innovative components that include a simple, menu-based interface that allows detecting local data problems, 
and report generation features for data completeness and quality reports.  This allows immediate detection and 
correction of data errors at the FCs.  The CC will add data management modules to support the GOLD study. 

The Burk laboratory, which will receive all specimens by mail from GOLD participants at the four field centers, 
will provide each field center with an updated listing of specimens received.  Regular conference calls and 
correspondence will address issues with specimen quality, completeness and other logistical problems.  Upon 
receiving confirmation from the Burk laboratory that the stool specimen has been received, field centers will 
provide monetary reimbursement to the GOLD study participant according to local field center procedures. 

Classification of GOLD Study Outcomes: Diabetes and Prediabetes:  Key study procedures include 
fasting blood draw and a 2-h oral glucose tolerance test (OGTT for those free of diabetes).  Participants are 
required to fast for at least 8-h prior to the visit consuming only water and necessary medications.  Venous 
blood specimens are collected, processed and frozen on-site towards the beginning of the visit and also 2-h 
after a 75g glucose load and then analyzed in batches.  Plasma glucose is assessed using a hexokinase 
enzymatic method (Roche Diagnostics Corporation, Indianapolis, IN).  Glycosylated hemoglobin (HbA1c) is measured 
in EDTA whole blood using a Tosoh G7 Automated HPLC Analyzer (Tosoh Bioscience Inc., SF, CA). Self-reported 
information is used to define personal and family history of diagnoses including diabetes. Inventory methods 
are used to list all currently taken medications. Definition of diabetes and prediabetes are based on standard 
ADA criteria of laboratory tests (69).   

     Diabetes is defined as FPG ≥ 126 mg/dL (7 mmol/L); a 2-h post-load glucose level (2hPG) ≥ 200 mg/dL 
(11.2 mmol/L); A1c level ≥ 6.5%; and/or self-reported and/or documented use of antihyperglycemic drugs 
based upon medication labels scanned at study visits or reported by participants. 

     Pre-diabetes is defined as FPG ≥ 100 mg/dL (5.5 mmol/L) AND < 126 mg/dL (7 mmol/L); a 2-h post-load 
glucose level (2hPG) ≥ 140 mg/dL (7.7 mmol/L) AND < 200 mg/dL (11.2 mmol/L); A1c level ≥ 5.7% (39 
mmol/mol) AND < 6.5%. No reported and/or documented use of antihyperglycemic medication. 

     Normoglycemic individuals are defined on the basis of FPG < 100 mg/dL (5.5 mmol/L); a 2-h post-load 
glucose level (2hPG) < 140 mg/dL (7.7 mmol/L); A1c level < 5.7%. No reported and/or documented use of 
antihyperglycemic medication.  To define a true normal control population, we will require that individuals have 
normal levels of all glycemic variables and no diabetes medications at V1 and V2.  

     Worsening glycemia will be defined by FPG and A1c level across a 30 month interval in the longitudinal 
part of the study.   
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     Incident diagnosed diabetes, among individuals who were pre-diabetic or normoglycemic at V2, is defined 
as self-report of diabetes during follow-up after V2 as ascertained during annual followup contacts.   
 

 
Molecular Characterization of the Gut Microbiome 

Laboratory methods:  The fecal microbiome samples will be processed for DNA from the stool samples as 
described by the Knight lab using a modification of the MoBio (Carlsbad, CA) 96-well PowerSoil DNA isolation kit 
that employs both chemical and physical (i.e., bead beating) means to release DNA for precipitation and 
amplification (21). We will use the V4 primer pairs (515F/806R) that amplify a 322 bp fragment (70) that will 
undergo sequencing with paired-end reads on the HiSeq or MiSeq Illumina NGS platforms. These primers and 
methods have been shown to have the highest sensitivity for capturing bacterial diversity (55). To generate a 
full length V4 16S rRNA amplicon sequence, the paired-end reads will be joined into a single sequence (using 
the read overlaps) with the FLASH algorithm (version 1.2.11) (71). 

Microbiome sequence analyses: The computational analyses will include recently introduced quality-filtering 
methods that are critical for accurate taxonomic assignment of individual reads (72). The core microbial 
processing pipeline will be QIIME (Quantitative Insights Into Microbial Ecology) (2, 64). It combines several 
programs for the analysis of 16S rRNA gene amplicon data. The process begins with taxonomy-independent 
binning of the sequences according to their degree of sequence similarity. We will bin the reads according to 
different criteria of similarity, from > 97% (usually defined as species level) to lower taxonomic resolution. The 
clusters will undergo annotation - using BLAST against the available curated 16S amplicon databases such as 
Greengenes (73, 74) and SILVA (75). In parallel, phylogeny is calculated using the pyNAST algorithm to create 
a phylogenetic tree (76). Recently, for improved classification of V4 or other 16S reads, the Knight Lab has 
been compiling a database that includes many large datasets, e.g., the Human Microbiome Project (77, 78) 
and Earth Microbiome Project (79) datasets, all beginning with the raw data and processing the reads through 
the same systematic pipeline. This is especially important because technical decisions in a pipeline can have 
larger effects on the scientific interpretation, (e.g., the ratios of phyla such as Firmicutes, Bacteroidetes, and 
Actinobacteria that have been previously linked to metabolic abnormalities (80-82), than do the underlying 
sequences (83). This database, available at http://www.microbio.me/qiime, at the time of this writing, contains 
143,965 human and environmental samples from 835 studies.  

QIIME can also provide insight into a range of key microbial community parameters, for example: (i) alpha 
diversity (i.e., how many kinds of microbes are in a given community, or how much branch length it covers in 
a phylogenetic tree), (ii) beta diversity (how microbes partition across different communities), including the 
UniFrac measure introduced by the Knight lab to perform calculations of community difference in a 
phylogenetically informed way (84, 85), and (iii) PICRUSt, which stands for Phylogenetic Investigation of 
Communities by Reconstruction of Unobserved States, is a method for leveraging phylogenetic information 
such as that obtained inexpensively by 16S rRNA surveys into functional information/groups (1). 
Essentially, known genomes are converted into vectors of molecular functions (e.g., Kegg Orthology terms), 
and interior nodes are inferred by ancestral state reconstruction (86).  New lineages for which no known 
genome is available are placed into the tree by any one of several insertion methods, and the maximum 
likelihood estimate of the function vectors (of these vectors) is the ancestral state of the node to which they 
connect in the tree.  Importantly, the more genomes are available from a given environment, the better 
PICRUSt works, and we can obtain not just an estimate of the functions in each genome but also an estimate 
of how accurate those predictions are by comparison to the nearest neighbors.    For human-associated 
environments, correlations are generally in the r=0.8 range, and in the human gut, where reference genomes 
are most dense, correlations are frequently in the r=0.9 range. This is despite processes such as horizontal 
gene transfer, which are especially prevalent in the human gut (87); the explanation for this is that different 
gene transfers happen with different genes and between different pairs of lineages, so no clear alternative 
phylogenetic signal distracts from the overall tree (88).  Since its publication in 2013, PICRUSt has been used 
in over 50 published studies. For example, David et al., 2014 (89) used it to infer microbial community 
functional changes that occur rapidly with diet, showing that even within a subject over time the functional 
changes can be estimated accurately from the phylogenetic profile (published in Nature). Similarly, Dassi et al., 
2014 (90) were able to use PICRUSt to understand functional changes in the oral microbiota associated with 
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probiotics, and Davenport et al., 2014 (100) were able to identify seasonal fluctuations in function in the human 
gut microbiome. PICRUSt is thus a well-validated and increasingly widely used tool to extrapolate functional 
gene groups from 16S rRNA taxonomic profiles at a fraction of the cost of shotgun metagenomics.  

We will also perform shotgun metagenomics directly on as many of the samples as possible, using the 
HUMANn2 pipeline, an elaboration of the HUMANn pipeline (91) developed for the Human Microbiome Project 
(39), to extract taxonomic profiles and functional inventories from the shotgun metagenomic data, and compare 
these profiles to the PICRUSt profiles to re-validate the pipeline for our population.  We will further analyze the 
shotgun metagenomic data using ConStrains (39), an algorithm we recently introduced to perform strain-level 
profiling without the need for multiple reference genomes in each taxon, perform metagenome assemblies 
using MetaSpades [http://bioinf.spbau.ru/en/spades3.7], developed by our close collaborators in the Pevzner 
lab at UCSD, and perform horizontal gene transfer analysis using DarkHorse (92), also developed by our close 
collaborators at UCSD. These functional and taxonomic tables will be converted into BIOM-format tables (93) 
and exported to QIIME (2) for downstream analysis analogous to that for 16S rRNA taxonomy tables, including 
ANCOM (94) for differential abundance analysis including explicit handling of the compositionally of the data, 
and exported to R using phyloseq (95) for additional biostatistical analysis. 

Statistical Analysis approaches 
 The microbiome data from each subject will be available for biostatistical analyses to address the specific 
aims in a number of different formats from the Knight Lab. The taxonomic/functional tables annotation and 
phylogenetic information for each sample will constitute a subset of parameters that will serve as input for 
statistical analysis. In addition, the inferred functional gene families will be available for each sample as a 
metagenome table with abundance of gene families (i.e., functional gene groups) (1). For instance, functional 
gene clusters will include sets that are involved in carbohydrate and lipid metabolism, e.g., fatty acids, 
carbohydrates, etc. (1).  All data analyses will be preceded by extensive data checking and verification to 
identify and resolve the reasons for missing values, inconsistencies, and out-of-range values.  Weights that 
account for sampling probability, nonresponse and household clustering in HCHS-SOL are derived and 
accounted for in analyses. 
 

In Specific Aim 1, we will evaluate the association of demographic and other factors with gut microbiome 
profiles among those with normal indices of glucose metabolism (normal fasting and 2-hour OGTT glucose 
levels, HbA1c < 5.7).  Candidate predictors of the microbiome will include gender; age; place of birth; national 
background; BMI; smoking; renal & liver function; lipids; inflammation; medications (e.g., antibiotic use).  We 
will also investigate dietary patterns including fiber, meat, fruit/vegetable, fats, energy intake, & alcohol intake 
as predictors of GMB.  For missing variables, we will first examine the missingness mechanism by checking if 
missingness is related to other variables. If missingness is considered to be ignorable (missing at random 
(MAR) or missing completely at random (MCAR)), multiple imputation will be performed (96, 97). Additionally, 
sensitivity analyses will evaluate the robustness of imputation.  
 

We will first explore the microbiome data by unsupervised hierarchical clustering analysis. Specifically, we will 
calculate dissimilarity (e.g.the uniFrac distance, Jensen-Shannon distance) between each pair of microbiome 
profiles and use the dissimilarity matrix as the input for cluster analysis (e.g PAM clustering). We expect 
microbiome profile of individuals with similar characteristics to be clustered together. We will evaluate which 
characteristics are associated with cluster assignment by 2 tests. To assess the contribution of household to 
the microbiome, the dissimilarity will be computed between pairs of first degree relatives, pairs of second 
degree relatives, pairs of unrelated individuals from the same household, and pairs of randomly selected 
unrelated subjects from different households. The genetic relationship of subjects in HCHS-SOL (kinship) has 
been derived by the software KING based on GWAS data(98). In total, there are 10,861 mutually unrelated 
individuals, and well over 2,000 closely related individuals which includes ~1,000 parent-offspring duos and 
211 trios (two parents and offspring).  Shifts in the distributions of the dissimilarity across the specific groups of 
interest will then be evaluated with the Wilcoxon test. We will also perform principal coordinate analysis, 
hierarchical clustering and other methods (99) to identify communities of microbes (e.g., enterotypes) and 
analyze functional enrichment of distinct groups (1, 48).  This will be followed by supervised analyses of 
specific microbiome taxa (and/or functional gene group). Specifically, the association of a specific binary or 
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categorical variable (e.g., gender; geographic background) with a specific taxon (and/or functional gene group) 
will be assessed by comparing the mean abundance between groups with the nonparametric T-test for two 
group comparisons and MANOVA for more than two groups in which p-values will be evaluated by 
permutation. The Spearman correlation and/or association metrics (100) will be used to evaluate the 
association of abundance of different taxa (and/or functional gene group) with continuous variables.  To adjust 
for the false-discovery rate due to performing multiple testing of the individual microbiome taxa (and/or 
functional gene group), we will apply the Benjamini-Hochberg procedure (101). 
 

We will then perform joint analyses for simultaneously modeling the relationship of multiple clinical and 
laboratory variables and GMB profile.  These multivariable analyses assess the independent effect of each 
predictor (e.g., age, gender, BMI) while adjusting for the effects of the others. To do this, we will use Dirichlet-
multinomial regression (102). Specifically, let  be the normalized read counts in q 	microbial 
features (e.g. OTUs) for individual  and  be the vector of p covariates. The Dirichlet-multinomial 
regression models the read counts using the multinomial distribution with parameter , where  is 

the probability for the jth feature. The model then assumes  follows a Dirichlet distribution with 

parameters . To link the covariate effects and microbial	counts,  is modeled as a function of the 

covariate vector: . If a covariate k has no effect on the microbiome profile, then 
. This null hypothesis can be tested using the likelihood ratio test. To identify the variables 

associated with specific microbial features, sparse penalties will be applied to the coefficients to select the non-
zero , which correspond to the effect of covariate k on feature j.  In multivariate analyses, we will use our 
detailed knowledge of the cohort to avoid false inferences due to collinearity (e.g., Puerto Ricans are 
concentrated in New York and are more likely to be US born).  
 

Additional analysis: With genetic markers from the 2.5M SNP genotyping Illumina panel (1000G imputed to 
10M SNPs), we have identified clusters of individuals that share common ancestral origins (103-105). We will 
test if genetic ancestry is associated with microbiome profile, independent of diet and other confounders. As an 
exploratory analysis, we will use GWAS to identify any SNPs that influence the microbiome composition and/or 
individual microbial feature.  While main analyses will be conducted in the normoglycemic group (n=800), we 
will repeat analyses with pre-diabetics included to examine the generalizability to this larger group of the 
identified correlates of GMB (total n=1,600).  We will limit analyses to weight stable individuals (V1 versus V2) 
in secondary analyses to reduce the influence of individuals likely to have had substantial changes in GMB or 
diet over time.   
 

In Specific Aim 2, we will first characterize the diversity of the microbiome among the diabetes, pre-diabetes 
and normal groups by comparing the number of observed microbial features using ANOVA (see (15). As noted 
above, we will use functional gene families (e.g. those assembled from 16S rRNA reads by PICRUSt (1)) and 
reiterate the analyses.  We will test the effect of microbiome composition on disease status using kernel-based 
regression by treating the disease status as the outcome and microbiome composition as a predictor.  The 
advantages of kernel regression include: (1) it models complex non-linear interactions among microbial 
features; and (2) the kernel (e.g. based on uniFrac distance) implicitly incorporates phylogenetic information in 
the model.  We will model , where g(.) is a link function (logit link) and  is the mean 
of outcome  (  for the three groups). If microbiome composition has no effect on outcome, then 

. The kernel-based regression models will use the kernel function: , where the 
kernel  is the distance metric between two microbiome profiles (106).  The kernel-based regression allows 
for testing and estimating the effects of microbiome composition on disease outcome as well as adjusting for 
the effects of covariates such as BMI. Once we estimate , we can calculate the probability of disease 
outcome given a new sample of GMB. The model’s ROC curve will be validated using k-fold cross-validation. 
 

We will then identify specific microbiome features associated with diabetes/prediabetes status. Our analysis 
includes two steps: (1) ANOVA followed by pairwise comparisons of the following three groups: 
normoglycemic, pre-diabetic and diabetic; (2) random forest (RF) models using microbial features found to be 
significant from the first step. RF is an ensemble machine learning technique using decision trees as base 
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learners and allows us to predict disease status based on microbiome features.  The RF model will be 
validated incorporating all steps of the analysis by k-fold cross-validation.  
 

 
 

Power Considerations: Statistical power for microbiota studies 
relies on multiple parameters including the relative abundance and 
inherent variability of each taxon in a diverse community. As such, 
we estimated the proposed study's power by a simulation study 
based on the beta-binomial distribution used in White et al. (107), in 
which sequences were randomly sampled from a population mean 
proportion and a dispersion value, allowing for different biological 
variability levels among samples. We considered microbiome taxa 
with > 100 reads (roughly equivalent to relative abundance ≥1% 
with 10,000 16S reads per sample) and set the dispersion 
parameter to be 10e-3. The Table (at right) shows the estimated 
power (%) to detect the association of an epidemiological exposure 
(Aim 1) and disease outcomes (Aim 2) as a function of fold 
changes (FCs) of abundance between two comparing groups. As 
expected, increased power was found with higher relative 
abundance. For a low abundance (1%, 100 read counts), Aim 1 will 
have >90% power at the significance level of 0.00001 (Bonferroni-
corrected p-value given our anticipated 1000 independent tests), to 
detect a 16% change of abundance for a taxon when the exposure 
rate is at 30%. Moreover, with a higher relative abundance (>5%), 
Aim 1 will have excellent power (>90%) to detect a 16% change even when the exposure rate is relatively low 
(0.2 and above). For Aim 2, for a taxon with an abundance of 5%, we will have >90% power to detect 6% fold 
change between diabetes (n=400) and normal controls (n=800) or between pre-diabetes (n=800) and normal 
controls (n=800).  We will also examine top microbiome taxa associated with outcomes in Aim 2 in relation to 
new development of diabetes (report of new diagnosis/use of diabetes medications at a subsequent annual 
follow-up interview) among 1,600 non-diabetic subjects with GMB. We expect a minimum of 96 individuals to 
develop diabetes during 3 years follow-up (based on an estimated rate of conversion of 2-3% per year in our 
cohort). With a minimum of 96 cases of diabetes, the study will have >80% power when =0.05 to detect a 
hazard ratio of 1.33 or greater for a 1 standard deviation increase in the abundance of a specific GMB taxon.  

Rigor and transparency  HCHS-SOL protocols are all published on a website (www.cscc.unc.edu/hchs/).  
Publications are reviewed by the study committees before submission to a journal, and all data analysts are 
subjected to replication of data analysis by the Coordinating Center.  All staff are centrally monitored and 
trained, with ongoing review and QC of data.  As an ancillary study, the HCHS-SOL Steering Committee and 
NHLBI program staff as well as Observational Study Monitoring Board members have approved our proposal.   

Timeline	 	 	 Year 1- - - - - Year 2- - - - - Year 3- - - - - Year 4- - - - - Year 5- - - -	  
    Q1  Q2  Q3  Q4  Q1  Q2  Q3  Q4  Q1  Q2  Q3  Q4  Q1  Q2  Q3  Q4  Q1  Q2  Q3  Q4   
GMB specimen collection           x x x x x x x x x x x x x x x x x x x x x   
Gut microbiome assays                            x x x x x x x x x x x x x x x x x x   
Statistical analyses                               x x x x x x x x x x x x x x x x x x x x x x x x x x x x x  

 

Relative 

abundance

Exposure 

rate FC=1.14 FC=1.16

0.01 0.3 0.79 0.94

0.4 0.89 0.98

0.05 0.3 0.79 1.00

0.4 0.89 1.00

Relative 

abundance FC=1.08 FC=1.10

0.05 >0.99 >0.99

Relative 

abundance FC=1.08 FC=1.10

0.01 0.63 0.93

0.05 >0.99 >0.99
FC, Fold Change

Aim 1: Predictors of GMB, n=800

Aim 2: Diabetes vs Normals, n=400 vs n=800

Aim 2: Prediabetes vs Normals, n=800 vs n=800
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4. Protection of human subjects 
 

1. RISKS TO PARTICIPANTS 
 
1.1. Study setting: HCHS/SOL is an NIH-initiated longitudinal cohort study of risk and protective factors for 
various conditions including heart disease, type 2 diabetes, and pulmonary disease. A cohort of 16.415 
Hispanic adults 18-74 years was recruited during 2008-2011 from four field centers Albert Einstein College of 
Medicine, Bronx; Northwestern University, Chicago; University of Miami, and San Diego State University).  
HCHS/SOL investigators are conducting a second in-person examination cycle that started in October 2014 
and will continue through 2017. It is estimated that 80% of the original cohort will be re-examined (N = 12,800). 
After this second examination, the cohort will be followed-up to quantify all-cause mortality, fatal and non-fatal 
CVD, diabetes, and pulmonary disease. Exclusion criteria at the initial HCHS/SOL enrollment contact included 
plans to move beyond commuting distance within three years, any cognitive or physical impairment that would 
interfere with informed consent and completion of study visits, or any other circumstances that might interfere 
with data collection and follow-up efforts. 
 
1.2. Study participants: In this ancillary study we propose to enroll 2,000 HCHS/SOL participants who are 
coming to the HCHS/SOL clinic for their second examination, equally distributed across the four field centers. 
We anticipate that the sampling distribution will follow that of the overall HCHS/SOL sample (e.g. 60% female). 
We will not impose any additional inclusion criteria beyond those already in place. 
 
1.3. Collaborating sites:  

Coordinating Center (CC): the coordinating center will be an administrative unit in the study, with no 
recruitment or assessment being administered by any of its staff, and will not interact directly with study 
participants. The only direct risk to study participants resulting from CC activities is a violation of privacy. The 
CC’s primary responsibility is ensuring confidentiality of the study data through the development of rigorous 
study protocols and maintaining standard operating procedures required to secure the network and study 
datasets. 

Bronx Microbiome Coordinating Center (BMCC) at Albert Einstein College of Medicine: Participants will 
mail specimens directly to the BMCC for processing, but the BMCC will not interact directly with study subjects. 
Any risk of violation of privacy is minimized by having specimen collection tubes de-identified with unique 
codes that the BMCC cannot trace back to an individual participant. The BMCC sends weekly and monthly 
reports of specimens received to field centers and the coordinating center for monitoring study progress.  

Dr. Robert Knight research laboratory (University of California San Diego): This laboratory will conduct 
the analyses of the gut microbiome from specimens processed by the BMCC. They will not interact directly 
with study subjects. All samples received will be de-identified.  

Field centers: Participants will be enrolled from the four HCHS/SOL field centers (Albert Einstein 
College of Medicine; University of Miami; San Diego State University; and University of Illinois-Chicago). The 
protocol imposes minimal risk to subjects providing stool specimens and questionnaire data. These risks are 
considered minor, and generally do not go beyond risks experienced in routine clinical practice. 
 
1.4. Sources of materials: We will collect stool specimens from study participants. Participants will be asked 
to provide stool specimens according to a standardized protocol, for which they will receive verbal and video 
instructions. Participants will be asked to mail their specimens to the BMCC using self-addressed and self-
stamped packets provided with the specimen collection kits. The collection kit contains all the materials needed 
to prepare the samples and mail them (e.g. tubes, disposable gloves, envelopes). In addition, a dataset will be 
prepared by the CC which will include participants’ demographic, medical health and phenotypic information 
that is available from the HCHS/SOL baseline and second examination.   
 
1.5. Potential risks: Providing stool specimens poses no or minimal risk and the protocol is consistent with 
what participants may encounter in clinical practice.  A risk to participants is the loss of confidentiality due to 
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breaches in data security. It is possible that a participant might experience embarrassment or discomfort upon 
collecting their specimens and could experience the protocol as an inconvenience. 

 
2. ADEQUACY OF PROTECTION AGAINST RISKS 

 
2.1 Recruitment and Informed Consent: Recruitment will be conducted by trained and certified research 
personnel at each HCHS/SOL field center. Participants will be approached after completion of their HCHS/SOL 
examination, before they leave the clinic. Research staff will introduce the study to participants and obtain 
written consent if they are willing to participate. After obtaining consent, participants will receive instructions 
about how to collect specimens, and will be given written instructions and the specimen collection kit. 
Participants’ informed consent will be obtained at each field center before any data collection activity by trained 
research staff. The informed consent form will be based on a study-wide document, modified if necessary to 
meet local IRB requirements. The informed consent form will describe the objectives of the study, the voluntary 
nature of participation, the procedures involved in the study and potential risks associated with participation. 
Participants will be informed that they have the right to withdraw from the study at any time without affecting 
their relationship with HCHS/SOL or other ancillary studies or their doctors. Participants will be also asked to 
state their willingness to have their data shared with scientific collaborators outside the local field center and 
study investigators. The Coordinating Center will develop an informed consent tracking system that allows for 
changes of levels of consent provided by participants if they change their mind and request a modification of 
their original consent. This tracking system will facilitate removal of participants’ samples from repositories 
when necessary. 
 

2.2. Protections against risk 

a. Confidentiality and data security: Confidentiality of data is protected through storing all data only with 
numerical codes. The study computer systems will provide file security by requiring a username and password 
for access so that confidential data are not released. All systems are located behind University firewalls. Data 
containing any identifying information (e.g. name, address) will be kept confidential from the study ID. Any 
printed materials containing information on participants will be stored in locked filing cabinets within locked 
offices. Data for the study transferred from field centers and laboratories to coordinating center will take place 
over a secure network with password protection and encryption technology. Study data is stored on a server 
that is protected by a hardware firewall. User logins and passwords are assigned to authorized personnel only, 
with IP address restrictions. The system complies with HIPAA requirements.   
 
b. Reporting of results: Because results from gut microbiome analyses do not have clinical relevance yet, we 
will not report these results back to participants. This would be made clear during the informed consent 
process.  Fasting glucose and hemoglobin A1c measurements to be performed will be returned to participants, 
who will be advised to seek medical attention should abnormal levels be identified.  Participants will be advised 
that we are not testing for blood in their stool, nor will we use the specimen to test for colorectal cancer, and 
that participation in the GOLD ancillary study does not substitute for medical screening for diseases. 
 

3. POTENTIAL BENEFITS OF THE PROPOSED RESEARCH TO THE SUBJECTS AND OTHERS 
  
No direct benefits to the study participant are expected to result from participation in the proposed study, as will 
be stated in the informed consent. Potential benefits to the Hispanic population and the population at large by 
elucidating the role of gut microbiome on diabetes risk. 
 

4. IMPORTANCE OF KNOWLEDGE TO BE GAINED 
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Hispanics are the largest minority group in the U.S. Data from national studies and HCHS/SOL indicate that 
obesity and diabetes are important health problems in this population. Prevention of obesity and diabetes, and 
their precedent risk factors presents the best means to reduce the morbidity and mortality arising from these 
conditions. Because therapeutic interventions are possible to target the gut microbiome, understanding the 
relationship of the gut microbiome to diabetes and other conditions is anticipated to lead to a whole new era of 
prevention and treatment options. 
 
5. The Investigative Team The team combines complementary skills including epidemiology, 
genetics, biostatistics, computer science, and molecular ecology. Dr. Robert Burk (Einstein, MPI) is a 
physician-scientist trained in Medical Genetics with over 30 years of translational / molecular epidemiology 
research experience. Kaplan (Einstein, corresponding MPI), an epidemiologist, is a leader in diabetes and 
cardiovascular epidemiology cohort studies and a PI and Chair of the Steering Committee of HCHS-SOL. Dr. 
Rob Knight (UC-San Diego, MPI) is an internationally recognized expert on the microbiome who will lead the 
analysis of the fecal samples and bring to bear the latest innovations in GMB analysis. Wang (Einstein) is the 
project biostatistician who brings understanding of the complex nature of the microbiome data applied to a 
large cohort study.  
 
As a multicenter study, this ancillary study to HCHS-SOL will be conducted in parallel at three other field 
centers, using identical procedures.  Drs. Talavera (San Diego State U.), Daviglus and Perkins (U. of Illinois-
Chicago), Gellman (U. of Miami), Davis (Coordinating Center, UNC) are the PIs at the HCHS-SOL Field 
Centers providing nation-wide expertise in Latino diabetes and field work.  Our collaborator Dr. Kari North 
(University of North Carolina) from the HCHS-SOL Coordinating Center will be responsible for coordinating the 
activities of the multiple HCHS-SOL centers.   
 
Contact information for the lead PI and Study coordinator are as follows: 
 

Principal Investigator: Dr. Robert C. Kaplan 
Department/Division: Epidemiology and Population Health 
Email Address: robert.kaplan@einstein.yu.edu  
Phone Number 718-430-4076 
 

Study Contact/Project Coordinator: Madeline Crespo-Figueroa 
Study Contact/Project Coordinator Email Address: madeline.crespo-
figueroa@einstein.yu.edu 
Study Contact/Project Coordinator Phone Number: (718)584-1563 
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