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Part 1: Research Plan

la. Anticipated Timeline and Enrollment
Planned Start Date 11/01/2014
Planned End Date 10/31/2019
Anticipated Enroliment 250

1b. Hypothesis and Specific Aims
Please describe the question(s) you are asking and what you expect to happen (3/4 page limit).

The overall question we are asking is whether changes in the composition of the gut microbiome predict
conversion from impaired glucose tolerance to diabetes and whether those changes are ameliorated by Vitamin
D supplementation as modeled in the D2d study.

Aim 1. Determine whether microbiome composition derived from 16S rRNA sequencing is able to predict
conversion to diabetes in persons with impaired glucose tolerance.

Hypothesis 1a: The baseline microbiomes in those who convert are different from those who do not.
Hypothesis 1b: Microbiome composition at baseline influences time to conversion.

Approach 1. Baseline stool samples for subjects who convert (cases) and age-, gender-, and BMI-matched
controls will be sequenced and compared using a two-group Dirichlet-Multinomial test procedure (Hypothesis
1a). Baseline stool samples for subjects who convert (cases) will be compared for differences in time to
conversion using a Generalized Dirichlet-Multinomial longitudinal analysis and/or survival analysis methods
(Hypothesis 1b). The null hypothesis is that the taxonomies are the same in cases and controls, and the same in
cases that convert early and late. Based upon 16S rRNA results, we will select a subset of samples on which
we will perform whole genome sequencing (WGS) in order to gain further information about the strains
discovered and their genetic content as well as perform analysis of hon-bacterial microbes.

Aim 2. Determine whether changes in the microbiome are associated with conversion.

Hypothesis 2a: The composition of the microbiome in subjects who convert to diabetes from baseline to the
sample taken immediately prior to conversion shows changes that may be predictive of conversion.

Hypothesis 2b: Changes in the composition of the microbiome from baseline shown in those who convert to
diabetes are not present in age-, gender-, and BMI-matched controls who have not converted during the same
time frame.

Approach 2. Baseline and time-before-conversion stool samples for subjects who convert (cases) and age-,
gender-, and BMI-matched controls will be sequenced (16S rRNA) and compared within each group using a
two-group Dirichlet-Multinomial test procedure (Hypotheses 2a and 2b). Adjustment for repeated measures will
be applied. The null hypothesis is that the taxonomies are the same at baseline and time before conversion.
Based upon 16S rRNA results, we will select a subset of samples on which we will perform whole genome
sequencing (WGS) in order to gain further information about the strains discovered and their genetic content as
well as perform analysis of non-bacterial microbes.

Aim 3. Determine whether Vitamin D supplementation correlates with changes in the microbiome over time.
Hypothesis 3: Those who received Vitamin D supplementation will show a trajectory of changes in the
microbiome over time that is different that that of those who did not.

Approach 3: After unblinding, composition of all stool samples from cases and matched controls sequenced by
16s rRNA will be analyzed over time and compared by Vitamin D status. A subset, chosen based on 16S rRNA
results, will be sequenced using whole genome sequencing (WGS). The trajectory of microbiome changes will
be modeled using the Generalized Dirichlet-Multinomial model. The null hypothesis is that the trajectories of the
microbiome are the same in the two treatment arms controlling for other patient covariates and that trajectories
are the same in cases and controls.

For all three aims, multiple regression will be used to control for potential confounders/covariates such as diet
and pre- or probiotic use. Failure to do so has been a weakness in many prior studies (Maneesh et al., 2012)
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1c. Significance and Brief Background
Please describe the scientific relevance (1 page limit).

The vast collection of symbiotic microorganisms found in the human gastrointestinal system ("the gut
microbiome") interacts with the human genome in profound ways and performs important biochemical functions
for the host that we are only beginning to understand. Those mechanisms are being elucidated by new genomic
technologies that have pointed to ways in which the microbiome influences the pathogenesis of a variety of traits
and disease states, among them obesity, the metabolic syndrome, and diabetes. However, the field is new and
“emerging” — the Human Microbiome Project completed its work only a few years ago — and most early efforts
have been focused on developing next-generation sequencing methodologies and new statistical methods for
dealing with massive and novel datasets. Initial studies of microbe functionality have largely focused on animal
models or on small human populations and have been designed to gain preliminary knowledge for developing
more rigorous hypothesis-driven studies. Human studies to date have been largely descriptive in nature,
non-prospective with small sample sizes and non-diverse populations, and have shown mixed — often
contradictory — results (see e.g., De Vos and Nieuwdorp, 2013; Karlsson et al., 2013; Zupancic et al., 2012; Qin
et al., 2012; Maneesh et al., 2012). Nevertheless, there is compelling evidence (much from animal studies) that
gut microbiota participate in whole-body metabolism by affecting energy balance, glucose metabolism, and low
grade inflammation — key components of obesity and type 2 diabetes. Mechanisms affected by gut microbiota
include production and passage of endotoxins into systemic circulation; local production of endotoxins that may
change gut permeability/intestinal wall local defenses; production and movement of lipopolysaccharides that
trigger inflammatory responses; increased energy efficiency resulting in up to + 180 kcal/day (increased energy
harvest), there is a possible role of short chain fatty acids (although butyrate may be proinflammatory or
anti-inflammatory in some studies); increased insulin resistance through proinflammatory response, and
increased SCFAs (Ooi JH et al., 2013; Le Chatelier et al;, 2013; Harris et al., 2012; Guerts et al., 2011; Esteve
et al., 2011; Rabot et al., 2011; Cani et al., 2012; 2007; 2006; 2005; 2004; Turnbaugh et al., 2006; Backhed et
al., 2004). We have at least preliminary evidence that the microbial population of the gut is different in people
who have type 2 diabetes from those who are normoglycemic or prediabetic (e.g., Zhang et al., 2013; Larsen et
al., 2010) — and one author has simply called diabetes an “intestinal disease” (Sanyal, 2013).

The role of Vitamin D in connection to the microbiome is less well established but provocative (e.g.,
Barengolts, 2013; Ly et al., 2011), and increasing evidence demonstrates that the Vitamin D receptor (VDR), a
nuclear receptor, is involved in inflammatory responses (Lu et al., 2012; Tlaskalova- Hogenova et al., 2011). For
example, the NF-KB transcriptional system has been linked to the development of colitis and inflammation-linked
cancers (Ben-Neriah and Karim, 2011; Wu et al., 2010). Systemic inflammation via an increase in
pro-inflammatory cytokines plays an important role in the pathogenesis of type 2 diabetes (e.g., Hu et al., 2004;
Pittas et al., 2003; Duncan et al., 2003; Pradhan et al., 2001), and Vitamin D may lessen diabetes risk by
modulating the expression and activity of cytokines, possibly through downregulation of NF-KB, among other
pathways (Cohen-Lahav et al., 2007). Thus, there is plausible reason to infer that a VDR-microbiome link exists
for the pathogenesis of type 2 diabetes as well. The ancillary study proposed n this application provides a
unique opportunity for exploring that link for the first time.

Recent advances in our understanding of the community structure and function of the human microbiome have
led to intentional efforts to explore the potential role of probiotics and prebiotics in promoting human health. A
more thorough understanding of the function of microbial populations in the pathogenesis of Type 2 diabetes
has the potential for advancing “personalized health care;” that is, for allowing us to develop targeted and
low-risk therapies that replace deleterious microbes in the intestine with those known to be beneficial in
preventing metabolic disorders (see e.g., Petschov et al., 2013; Qin et al., 2012; Kinross et al., 2011).
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1d. Innovation & Impact
Please describe the research innovation and potential impact (1/2 page limit).

The proposed study will be, to our knowledge, the first prospective study of the gut microbiome and incident
T2DM in a controlled population where, unlike many prior studies, diet and extensive phenotypic data are
available. It also has the potential for advancing knowledge of microbial function in a rigid, hypothesis-driven
environment using innovative statistical methods developed at Washington University in St. Louis by principals
in the Human Microbiome Project. A standardized methodology will allow us to compare and contrast results to
established microbiome libraries. The study will employ the newest sequencing technologies in a cost-effective
two-tier approach. The 16S rRNA analysis allows deeper sampling of taxa within the bacterial community at a
lower cost than WGS (Whole Genome Sequencing). 16S rRNA gene sequencing provides at best a
species-level census of bacteria, with no information about the strains or their genetic content and no analysis of
non-bacterial microbes (viruses, fungi, etc.), while WGS sequencing does provide this information. Shotgun
sequencing, on the other hand, samples less deeply than 16S rRNA sequencing because only a small fraction of
the sequences are from 16S rRNA genes, and very large data sets are needed to completely sequence rarer
species (Weinstock, 2012). Thus, both methods are required to produce the most complete description of a
microbial community in a cost-effective manner. We will start with the 16S rRNA survey and use this information
to choose a subset of samples, representing the various groups, on which to carry out the more intensive and
expensive WGS studies. The WGS data will be analyzed for viral load, eukaryotic microbes, metabolic
capabilities contributed by microbes, antibiotic resistance or virulence factors, and other gene-level features.
Such detailed data may define microbial markers for incident diabetes and suggest targeted therapies.

le. Research Approach
Please address the following: (1 and 1/2 page limit)
»  Study type (e.g. interventional or observational)
» Population and setting (inclusion/exclusion criteria)
= Study design (e.g. details of study procedures, outcome assessments, confounders, bias)
= Schedule of assessments
= Sample size (power) calculations
= Data analysis plan

The proposed study is observational and will enroll participants from the D2d study population (hence D2d
inclusion/exclusion criteria apply). Additional exclusion criteria are major changes in diet within last 30 days
(e.g., apaleo diet or one that might be considered “extreme” by usual standards; fasting); large doses of
commercial probiotics (greater than or equal to 10 to the 8th power cfu or organisms per day) within the last six
months (ordinary dietary components such as fermented beverages, milks, yogurts do not apply); frequent or
chronic constipation that requires regular laxative use; HIV (D2d excludes only AIDS); autoimmune disease
(e.g., autoimmune hepatitis, ulcerative colitis, lupus); Irritable Bowel Syndrome (IBS) or Irritable Bowel Disease
(IBD); persistent, infectious gastroenteritis, colitis or gastritis; major gastric surgery not identified in D2d
exclusion criteria (colectomy, colostomy, ileostomy, etc.); gastric banding (now allowed in D2d); systemic
antibiotic use within the last 3 months (oral, intravenous, or intramuscular); persistent diarrhea in the last 2
weeks or chronic diarrhea; Clostridium difficile infection (recurrent) or Helicobacter pylori infection (untreated).
Sample collection will coincide with regularly scheduled D2d visits (randomization, semi-annual, annual, end-of
-study, and — if prior sample was not recent — confirmatory). A brief survey will be administered at each sample
collection to document potential confounding factors such as changes in diet, bowel habits, or medical
issues/procedures that might impact microbiome composition, e.g., antibiotic use. We will also have the serum
C-reactive protein (CRP) test done at each annual sample collection; an additional blood draw will not be
required (see Specimen Request Form and attachment). A draft version of procedures and surveys is presented
in Appendix A.

Please continue Research Approach on next page.
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Although all samples will undergo 16S rRNA sequencing in order to attain maximum potential usefulness of the
data generated by the ancillary study, we will limit our formal analysis to performance of a nested case-control
study within a prospective cohort of subjects enrolled in the D2d Study. Cases will be defined as subjects who
convert to diabetes compared to treatment group (blinded), age-, gender-, and BMI-matched controls who do not
convert within the same amount of time on study. The unbiased collection of stool samples within a prospective
cohort followed by a nested case-control study will permit the more expensive GWS sequencing of only stools
from cases and controls, as defined by this study, while minimizing the selection bias traditionally associated
with case-control study design (Ernster, 1994). As this is an observational study, patients will follow the D2d
Study protocol.

Sample size: The Dirichlet-Multinomial model of metagenomic data is used for determining the sample size to
test Aims 1 (difference in baseline microbiome between converters and non-converters) and 2 (difference in
change in microbiome between converters and non-converters). Aim 3 (longitudinal changes) is exploratory, and
no methods exist yet for power/sample size calculations. Sample sizes for Aims 1 and 2 were calculated using
the HMP R software package developed in Dr. Shannon’s lab (La Rosa et al., 2014; 2012a; 2012c).

We used published data on diabetic stool microbiome to calculate power/sample size (Larsen et al., 2010).
Table 1 (Appendix B) shows the percentages of the microbial classes in 18 diabetics and normal controls. Data
were not available to estimate the overdispersion parameter of the Dirichlet-Multinomial distribution; hence we
calculated the sample size across a range of overdispersion from low to high variability. Sample size was
calculated setting alpha = 0.01, sample sizes from 5 to 50, and 10,000 Monte Carlo simulations. The power
curves (Figure 2, Appendix B) show that we can detect a difference in Table 1 percentages with large variability
(lowest two lines) using 35-40 subjects per arm with 80% power. Since the true variability (i.e., overdispersion in
the Dirichlet-Multinomial) and percentages of taxa at the genus level are unknown, we cannot be more precise
than this. In our experience, overdispersion has generally been low or moderate. We believe that 35 samples
per arm will provide more than enough power for this exploratory study. Given projections used in the D2d
parent study for conversion rates (10% per annum with no intervention; a ~25% reduction in the Vitamin D arm
(e.g., Forouhi et al., 2012; Gerstein et al., 2006; Knowler et al., 2002), we have estimated 57 conversions over
the course of the average 3.5-year follow-up period. Thus even with a non-compliance rate of 20% (the
maximum allowed), we anticipate more than enough cases to power the study.

Outcome Measures: The primary outcome will be the difference in composition of gut microbiota between those
who convert to diabetes and those who do not and between Vitamin D and placebo subgroups of converters and
non-converters. A secondary outcome will be microbial markers that predict conversion. An exploratory outcome
will be changes in levels of serum CRP (measured annually) from baseline to conversion and/or end of study.
Because of the complexity of the data and the broad range of clinical questions to be addressed, the need for a
dedicated analysis core is justified. To explore patterns in the samples we will use both clustering methods and
multivariate ordination (e.g., multidimensional scaling (Borg and Groenen, 2005) and principle coordinate
analysis (PCoA) (Gower, 2005)). We will use hierarchical and PAM clustering with Bray-Curtis dissimilarity
measure (Berkhin, 2006), Unifrac distance (Lozupone and Knight, 2005) and Jensen-Shannon distance (Lin,
1991) to explore the sample cluster pattern and specific microbial community structures along different clinical
covariates. Ordination methods will facilitate pattern analysis by reducing the high dimensional data to 2 or 3
dimensions for visualization and cluster identification. We will apply the silhouette value approach (Rousseeuw,
1987) and cluster prediction strength [(Tibshirani and Walter, 2005) to determine the optimal number of clusters
within a set of samples. To evaluate the conservation of the community structure of the total population in case
or control groups, we will compute the membership core defined as the taxa shared by a given percentage of
subjects using a novel statistical statistical approach, the maximum likelihood statistical estimation (MLE)
method developed in the Genome Institute at Washington University (La Rosa et al., 2012b). A variety of further
analytical methods are outlined in the attached draft Research Strategy. Appendix C provides a paper in press
by study co-investigators, who have been pioneers in the development of new microbiome methodologies.
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1f. References Cited
Please attach a list of references (PDF format document) with the application.

Part 2: Description of Data

2a. Required Sources of Data
Please select all that apply:
(0] Existing data collected as part of D2d study
If yes, please complete D2d Ancillary Study Data Request Form
[O]New data derived through use of stored biological specimens collected as part of D2d study
If yes, please complete D2d Ancillary Study Specimen Request Form
[O] New data derived through direct contact with D2d participants (e.g. procedure, survey, observation)
If yes, please complete question 2b
If available, please include a copy of the proposed protocol with your application.

2b. New Data Acquisition, if applicable
Please describe the additional procedures, interventions or surveys required for new data acquisition and
address the need for additional visits and/or the prolongation of existing visits. (1/2 page limit).

The proposed ancillary study asks subjects enrolled in the D2d Study to provide a home-collected stool sample
at or around (within 14 days on either side of) a D2d randomization, semi-annual, annual, and end-of-study visit .
A sample may also be required at confirmatory visit if, for example, the subject was diagnosed by a PCP and the
prior stool sample available was taken more than 2 weeks prior. The first stool sample will be collected at the
D2d randomization visit. The formal consent process will take place at the D2d baseline visit, but this can be
done during the OGTT without adding overall visit time. We will recommend that subjects be given a consent
form prior to that visit (e.g., at screening) to give them time to read it and be prepared to ask questions. At each
visit where stool is collected, the subject will be asked questions to update status and screen for confounders.
This can be administered during the OGTT at annual visits (adding no additional time to the visit); It will add no
more than 5-10 minutes to randomization and semi-annual visits (or the end-of-study visit). Screening and
follow-up questions are provided in Appendix A. We also propose to have the CRP test performed at each
sample collection. This will not require an additional blood draw, as blood taken as part of the regular D2d visit
will be of sufficient quantity (see Specimen Request form and attachment).
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Part 3: Facilities & Resources

3a. D2d Collaborating Clinical Sites

Please note: By marking the box next to a site(s), the ancillary study Pl has secured the commitment of the
site(s) to the proposed ancillary study to allow generation of new data by direct contact with D2d participants at
the site.

Please select all D2d collaborating clinical sites that have agreed to participate in the proposed Ancillary Study.

[O] Atlanta VA Medical Center [ ]NIDDK Phoenix

] Baylor College of Medicine [O] Northwestern University

[O]Beth Israel Medical Center []Pennington Biomedical Research Center
[1Duke University Medical Center [] Stanford University Medical Center

IEl Florida Hospital Translational Research Institute @Tufts Medical Center

|:| HealthPartners Research Foundation @Tulane University Health Sciences

[C]Los Angeles Roybal [O] University of Kansas Medical Center

[T]Maine Medical Center Research Institute [O] University of Nebraska Medical Center
[IMedical University of South Carolina []University of Tennessee Health Science Center
[ ]MedStar Health Research Institute ] University of Texas Southwestern Medical Center

3b. Description of Clinical Laboratory Facilities, if applicable
Please describe clinical laboratory facilities and where and how bio-specimens will be handled (e.g. storage,
shipping of biological material; laboratory staff experience).

Stool samples will be processed (aliquoted into two 2-ml tubes and put into a -80 freezer) at the 10 collaborating
sites and shipped to the Vermont Central Lab on a schedule TBD (it is anticipated this will coincide with regular
D2d shipments). Vermont will extract DNA from the stool samples and ship to the Jackson Laboratory for
Genomic Medicine at the University of Connecticut Health Center for sequencing.

The Laboratory for Clinical Biochemistry Research (LCBR) at the University of Vermont includes ~ 3000 square
feet for research divided into three areas: general lab space, DNA preparation and analysis, and sample receipt
and handling. At a second location, the Biological Sample Repository at the Flynn Freezer Facility, comprises
about 11,000 sq ft of freezer storage space which is temperature-controlled, alarmed, and backed up with
generator power. The LCBR Biological Sample Repository currently houses > 3,000,000 samples, from >70,000
research participants, in more than 150 -80C or —145C freezers. Samples include serum, various types of
plasma, urine, cryo-preserved cells, and purified DNA. Dr. Russell Tracy has directed the LCBR at the University
of Vermont since its inception in 1986. The LCBR has collaborated on a wide variety of clinical studies, clinical
trials, and epidemiology studies in local, national, and international settings.

The Jackson Laboratory for Genomic Medicine is being built on a 17-acre site on the campus of the University of
Connecticut Health Center in Farmington, CT. The 183,500-square-foot facility will open in the fall of 2014.
Within 10 years, it will house 300 biomedical researchers, technicians and support staff in state-of-the-art
computing facilities and laboratories. It draws on the Jackson Laboratory’s eight decades of research in
mammalian genetics in partnership with the clinical expertise of Connecticut’s universities and hospitals. JAX
Genomic Medicine will discover the precise genomic causes of disease, develop individualized diagnostics,
treatments and cures, and help build Connecticut’s bioscience industry. It focuses on medical applications of
genomics with academic and clinical research partners from Connecticut and around the world.
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Part 4. Potential Burden on the D2d study

Please describe the potential burden of the ancillary study on the D2d study in relation to the following and
provide ways to minimize the burden:

4a. Participant Burden and Potential for Compromising Participant Retention

The proposed study is designed to provide minimal burden to participants. The easy-to-use home stool kit
(Appendix D) via which participants will collect stool does not require that they handle or manipulate the stool
itself in any way. Kits and materials for transport to the D2d site (gel packs, thermosafe boxes) will be provided
at each visit. We are also budgeting for use of a courier to bring the stool sample to the D2d site if the
participant is not able to provide a stool sample within 12 hours of a scheduled visit. Use of the kit and courier
resulted in 100% participant compliance in a recent study conduced by Washington University in St. Louis
(personal communication, co-1 William Shannon). We are also budgeting for a generous subject payment ($50
per sample) that we believe will be attractive in recruiting subjects for the study and will enhance retention.

4b. Participant Safety and Confidentiality
Please describe measures taken to ensure participant safety and confidentiality and address plan for data
management (secure storage, monitoring etc.).

Data capture methods will include paper copies (source documents for screening, survey data, sample
collection logs, and tracking - see Appendix A) that will be kept at collaborating sites and at the Kansas
coordinating unit (CU) and processed on an ongoing basis and databases that will be kept centrally. Clinical
data will be entered into a 21 CFR Part 11-compliant Internet data entry system (IDES) - a RedCap system
based at the University of Kansas Medical Center. The data system will include password protection and
internal quality checks, such as automatic range checks, to identify data that appear inconsistent, incomplete, or
inaccurate. Clinical data will be entered directly from the source documents. Only the sites collecting stool
samples will have access to identifiable participant information. The coordinating unit (Kansas), the central lab
(Vermont) and the genome center (Jackson Laboratory) will have source documents, stool, or DNA samples
identified only by the D2d study number. The microbial sequence data will be kept by Jackson Lab in a secure
IDES, and reasonable efforts will be made to remove all traces of human sequence data, so that eventual
identification of a subject from them will be virtually impossible . There is no physical risk to the subject other
than possible contamination from stool; subject will be advised to wash hands.

4c. Burden on Collaborating Clinical Sites

We have designed the study to present minimal burden on the collaborating clinical sites. Screening and
consent can be done during the OGTT at baseline visit, adding no time. Subsequently, samples will be collected
at scheduled D2d visits. A brief questionnaire will add 5-10 minutes at semi-annual and end-of-study visits (can
be done during OGTT at annual visit). Sufficient compensation is being provided for sites to have samples
processed by someone other than the D2d coordinator (e.g., by nursing staff in a CTSU). Sample processing
will take 10-15 minutes. The central laboratory for D2d (Vermont) has agreed to serve as the central lab for the
ancillary study as well. This will provide relatively seamless integration with current D2d processes and
consistent quality control with the parent study (e.g., Vermont will ship stool kits and supplies to the sites as they
do lab supplies for D2d; shipping of stool samples to Vermont for DNA extraction and storage can be
coordinated with the regular D2d shipping schedule). Source document burden will also not be onerous;
documents can be faxed or secure emailed to Kansas for entry into a secure RedCap database.
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4d. Regulatory Requirements
Please describe how informed consent will be obtained and describe plan for local IRB approval. If available,

please attach a copy of the informed consent form.

Each institution will use a separate version of the study informed consent, developed from a template provided
by Kansas. All subjects screened must document informed consent by signing and dating the study consent
form. The written consent document will embody the elements of informed consent as described in the
Declaration of Helsinki and in the U.S. Code of Federal Regulations, Title 45 Part 46, and will adhere to the ICH
Harmonized Tripartite guidelines for Good Clinical Practice. Informed consent will be implemented before any
protocol-specific procedures are carried out. Information will be presented both orally and in written form. The
investigator/coordinator will give subjects ample opportunity to inquire about details of the study and ask any
guestions before dating and signing the consent form. Informed consent will be obtained at the D2d baseline
visit. We will suggest that coordinators give the D2d-GM consent form to subjects at the time they qualify for the
D2d baseline visit so that they will have had an opportunity to have read it and can come ready to ask any
guestions they may have. Kansas will provide the participating sites with an FAQ that will assist coordinators in
answering those questions. Kansas will also be in a position to use the IRBShare mechanism at that time as
well. The first 2-4 months of the ancillary study are designated for sites' gaining approval from their local IRBs.

Part 5: D2d Support

Please note: The costs associated with the use of resources (D2d or other) must be included in the plans for
funding the ancillary study. All negotiated services must be documented in a letter of commitment from the
provider of such services.

Please select resources at the D2d Coordinating Center or D2d Central Laboratory that will be required. There
will be a fee associated with these services:
[0]Data extraction and transfer

DSpecimen selection and transfer

[|Data analyses (depending upon staff availability, proposed analyses may be conducted by the
analytical team at the D2d Coordinating Center)

[O]Other study-specific services for studies that will collect new data in real time

Part 6: Funding

6a. Funding Source(s)
Please describe ancillary study funding source(s) or plans to apply for funding.

We plan to submit the study to NIDDK under PAR-12-265 (RO1 mechanism) on February 5, 2014. Jackson Lab
will be prime on the multiple PI (Robbins, clinical; Weinstock, genome) submission.

6b. Planned Date of Submission to Funding Agency 02/05/2014

Part 7: NIH Biosketch

Please attach NIH Biosketches for Pl only with your application upon submission.
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Part 8: Acknowledgement of D2d Ancillary Studies Policies & Procedures

| have read and agree to abide by the policies and procedures for D2d Ancillary Studies as described in
the document titled: D2d Ancillary Studies Policies and Procedures & Instructions for Submission of
Proposals, and specifically regarding the presentation and publication of ancillary study results and
data sharing policies.

Digitally signed by David C. Robbins, MD
DN: cn=David C. Robbins, MD, 0=KU Diabetes Institute,

David C. Robbins, MD  eu-unwerstyof kansas vedica center,
Date 01/06/2014

email=drobbins@kumc.edu, c=US

Principal Investigator Signature Date: 2014.01.06 13:56:36 0600

(e-signature accepted)

Part 9: Attachments

Please indicate all documents that are included with your application:
[C]NIH Biosketches for Pl only (required for all applications)
[C]References Cited (required for all applications)

[O]D2d Ancillary Study Data Request Form
[Olb2d Ancillary Study Specimen Request Form

Please note: The following forms are not required with application, but are required prior to study initiation:
@Ancillary Study Proposal (DRAFT Research Strategy as of 01 06 14)
@Ancillary Study Manual of Procedures (Brief Summary of Scope of Work is attached as Appendix A)
[ ]Iinformed Consent Form (required for studies involving generation of new data via direct contact with
D2d participants)
[ ]IRB Approval Letter

Final steps to submission:

Save a copy of this form to your computer.

Click on the “Submit” button, which will open an email and automatically attach application. In that email, attach additional
documents checked above to complete application then send.

Submit

Thank you for your interest in the D2d Study
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Appendix A
The Vitamin D, and Type 2 Diabetes and Gut Microbiome (D2d-GM) Study
Statement of Work
Draft 01 06 14

The D2d-GM coordinating unit (D2d-GM CU) for this ancillary study to the D2d
study is established at the Kansas D2d clinical site (the University of Kansas Medical
Center). The D2d-GM CU will work collaboratively with the D2d coordinating center
at Tufts Medical Center to provide a protocol and informed consent template to the
sites participating in D2d-GM; sites will need to gain approval from their local IRB
prior to any procedures related to D2d-GM.

Sites will be asked to recruit 25 D2d subjects to D2d-GM. Recruitment will take
place mostly in year 2 of D2d. Competitive recruitment will continue throughout the
D2d (parent) recruiting period and will end when 250 subjects have been enrolled
in D2d-GM.

Site staff will administer a brief (about 20-minute) screening questionnaire to the
volunteer at the baseline visit (during the OGTT) and brief (about 10-minute) follow
up questionnaire at each visit when a stool sample is collected, beginning with the
randomization visit. During the semi-annual visits, the questionnaire will add 10
minutes to the visit, but during the annual visits, the questionnaire will be
administered during the OGTT, thus adding no time to the annual visit. The first
stool kit will be given to the subject either at D2d baseline visit (when consent is
obtained) or mailed to the subject at the time the subject is scheduled for
randomization (leaving sufficient time for the kit to arrive before the scheduled visit
time). The first “baseline” stool sample must be collected before the subject starts the
study pill (which happens at randomization). The subject will receive subsequent
stool Kkits and supplies at each semi-annual and annual D2d visit, and each
confirmatory visit, if necessary. Stool will continue to be collected after incident
diabetes is confirmed.

Sites will collect data using the D2d-GM paper case report forms (CRFs) (supplied by
D2d-GM CU) and submit these to the D2d GM CU by fax, secure email, or mail for
entry into the study database (tentatively a RedCap database maintained at D2d-GM
CU). The D2d-GM CRFs may be used as the data collection source documents at the
sites.

The Central Laboratory will provide supplies for collection and shipping (including
air-bills) of stool samples. Sites will give participants the stool collection Kkit, gel
packs, and a thermo-safe box with labels and will instruct participants in their use.
Participants will receive a new kit and supplies at each subsequent visit (see above).
If a participant is unable to bring a sample collected within 12 hours of a scheduled
D2d visit, a courier will be used, and special instructions will be given for use of the
courier. Typically, a courier would be required to pick up a sample within 90
minutes of a call from the subject and deliver it immediately to the designated
location (clinical site) prior to processing and shipping to the Central Laboratory.
The courier will be identified by the local site.

Sites will call subjects prior to each D2d visit to remind them to send (or bring) their
sample on the day of their scheduled visit or within +/- 14 days from the scheduled
Visit.





7.

Samples will need to be aliquoted into two 2-ml tubes, labeled, and placed into a -80
freezer as soon as possible (but always within 24 hours of receipt). No
homogenization of the sample is required.

Samples will be shipped to the D2d Central Lab, which will extract and store DNA.
The shipping schedule will coincide with the parent study D2d shipping schedule.
Possibly, samples could be shipped in the same box as the frozen D2d (parent) study
samples.

Sites will coordinate payment of subjects.

. Sample collection for the D2d-GM will occur at (or prior to) D2d randomization,

semi-annual, annual, and end-of-study visits (average 7 samples per subject; 175
per site). A sample may be required at the confirmatory visit (for incident diabetes)
if the prior sample was collected more than two weeks prior (time frame subject to
revision upon advice of the genomic team).





The Vitamin D,Type 2 Diabetes Gut Microbiome (D2d-GM) Ancillary Study
Documents (PRELIMINARY DRAFT)

¢ D2d-GM Informed Consent template - to be provided by D2d-GM CU
* Inclusion/Exclusion Criteria

* Microbiome/Diet-related History - brief screening questionnaire - (FFQ and other
data will be requested from D2d CC as well)

* Collection Kit provided to Subject

* Collection Summary





Inclusion/Exclusion Criteria

Inclusion Criteria (all must be Yes to proceed to the baseline collection)

¢ Bowel movements at least twice a week

* Provision of signed and dated written informed consent prior to any study
procedures

Exclusion Criteria (all must be NO to proceed to the baseline collection)

* Major changes in diet within last 30 days (document) (e.g., paleo or other diet that
would be considered “extreme” by normal standards; fasting)

¢ Large doses of commercial probiotics (greater than or equal to 108 cfu or organisms
per day) within the last six months (ordinary dietary components such as fermented
beverages/milks, yogurts, other foods do not apply)

* Frequent or chronic constipation that requires regular laxative use

e HIV

* Autoimmune disease (autoimmune hepatitis, ulcerative colitis, lupus, etc.)

* Irritable bowel syndrome (IBS) or irritable bowel disease (IBD)

* Persistent, infectious gastroenteritis, colitis, or gastritis

¢ Major gastric surgery not identified in D2d exclusion criteria (colectomy, colostomy,
ileostomy, etc.)

* Gastric banding

* Systemic antibiotic use within the last 3 months (oral, intravenous, intramuscular)
* Persistent diarrhea in the last 2 weeks or chronic diarrhea

* Diagnosis of recurrent Clostridium difficile (C-diff) infection

* Diagnosis of Helicobacter pylori infection, that has not been treated.





Gut Microbiome Ancillary Study (D2d-GM) Screening Questionnaire

Participant # (D2d Study)

Microbiome-related Medical History
On average, how often do you have a bowel movement?
[] Atleast once daily
[ ] Every 1-2 days
[ ] Twice in one week
[ ] Once aweek
[] Less than once a week

Do you have frequent or chronic constipation that requires you to take a laxative regularly?

[] Yes
[] No

If yes, how often do you take a laxative?
[ ] Daily
[ ]Every 1-2 days
[ ] Twice in one week
[ ]Once a week
[ ]Less than once a week

Have you had diarrhea or loose stool in the past two weeks?

[] Yes
Yes

[] No

Do you have a history of chronic diarrhea?

[] Yes
[] No

Have you been diagnosed with irritable bowel syndrome or irritable bowel disease?

[] Yes
[] No

Do you have a history of persistent, infectious gastroenteritis, colitis or gastritis?

[] Yes
[] No

Have you been diagnosed with HIV?

[] Yes
[] No

Have you been diagnosed with an autoimmune disease, such as autoimmune hepatitis,
ulcerative colitis, lupus, etc.?

[] Yes
[] No





Have you been told you had a Clostridium difficile (c-diff) infection?

[] Yes

[] No

If yes, has it been recurred after treatment with antibiotics?
[ ]Yes
[ ]No

Have you been told you had a Helicobacter pylori infection?
[] Yes Ifyes, was it treated?
o Yes
o No

[] No

Have you had any major stomach or intestine (gastric) surgeries in your lifetime?

[] Yes
[] No

Have you had a gastric banding procedure?

[] Yes
[] No

Have you had a colonoscopy?

[] Yes
[] No

If yes, what month and year was the most recent procedure completed? __/____

Diet and Medication/Supplement History
How many servings of fruit and vegetables do you eat, on average, each day?

[ ] None
[] 1or2
[] 3or4

[] 5ormore

Have there been any major changes to your diet in the last 30 days (document)?

[] Yes
[] No

Have you taken an antibiotic within the past three months?

[] Yes
[] No

If yes, what kind?
[] Oral

[ ] Intravenous
[ ] Intramuscular





If, no, when was the last time you had antibiotic treatment?
[ ] Within the last six months
[ ] Within the last year
[ ] Within the last two years
[] More than two years ago

Do you take a prebiotic/fiber supplement? Example: unprocessed wheat bran, Metamucil

[] Yes
[] No

If yes, how often?
[ ] Daily
[ ]Every 1-2 days
[ ] Twice in one week
[ ]Once a week
[ ]Less than once a week

Do you take a probiotic?

[] Yes
[] No

If yes, how often?
[ ] Daily
[ ]Every 1-2 days
[ ] Twice in one week
[ ]Once a week
[ ]Less than once a week

If you take either a prebiotic or probiotic, do you take a commercial product in large doses
(i.e., equal to or greater than 108 cfu/organisms per day)?

[] Yes

[] No





In addition to qualifying for the D2d study, the following criteria
must be met

Inclusion Criteria [All must be Yes]
Bowel movements at least twice a week

Provision of signed and dated written informed consent prior to any
study procedures

Exclusion Criteria [All must be NO]

Major changes in diet within last 30 days (document)

Large doses of commercial probiotics (greater than or equal to 108
cfu or organisms per day) within the last six months (ordinary
dietary components such as fermented beverages/milks,
yogurts/foods do not apply)

Frequent or chronic constipation that requires regular laxative use

HIV

Autoimmune disease (autoimmune hepatitis, ulcerative colitis, lupus,
etc.)

Irritable Bowel Syndrome (IBS) or Irritable Bowel Disease (IBD)
Persistent, infectious gastroenteritis, colitis or gastritis

Major gastric surgery (colectomy, colostomy, ileostomy, etc.)
Gastric Banding

Systemic antibiotic use within the last 3 months (oral, intravenous,
intramuscular)

Persistent diarrhea in the last 2 weeks or chronic diarrhea

Clostridium difficile infection (recurrent) or Helicobacter pylori
infection (untreated).

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

Does subject meet all inclusion and exclusion criteria?
If yes, provide collection kit and complete return information upon
receipt of sample





Provision of Stool Collection Kit
[ ] KitProvided to Subject
[ ] Reviewed Instructions for Collection and Sample Return
Baseline Sample Collection Summary (To be completed upon the receipt of the

sample)

Stool Collection

Time of Bowel Movement: __ _ /___ /__ __ ___ _ _:_ _ (24hclock)
M M D D Y Y Y Y H H M M
Time Stool Received: __ __/_ _ /____ _ _ __:__ (24hclock)
M M D D Y Y Y Y H H M M
Time Stool Placed in -80 freezer: __ _/__ /__ _ _  _ _:__ (24hclock)

M M D D Y Y Y Y H H M M

Note any issues with stool collection or processing





Summary of Microbiome Follow-Up Visit Activities
___Follow-Up Questionnaire
___Collection Kit provided to Subject

___Collection Summary





Gut Microbiome (D2d-GM) Ancillary Study Follow-Up Questionnaire

(To be completed at each randomization, semi-annual and annual visit - as well as
confirmatory visit (if over 2 weeks since last sample given), and end-of study visit of parent
D2d study)

Have you had diarrhea or loose stool in the past two weeks?

[] Yes
[] No

Since your last visit, have you taken a laxative to have a bowel movement?

[] Yes
[] No

Since your last visit, have you been diagnosed with IBS/IBD, HIV, or an autoimmune
disease?

[] Yes
[] No

Since your last visit, have you had a colonoscopy?

[] Yes
[] No

If yes, what month and year was the most recent procedure? __/____

Have there been any major changes to your diet in the last 30 days?

[] Yes
[] No

If yes,
explain

Have you taken an antibiotic since your last visit?

[] Yes
[] No

If yes, when was your lastdose? __/__/____
What was the name/dose of the medication?
How long did you take the antibiotic

Do you take a prebiotic/fiber supplement? Example: unprocessed wheat bran, Metamucil

[] Yes
[] No

If yes, how often?
[ ] Daily
[ ]Every 1-2 days
[ ] Twice in one week
[ ]Once a week
[ ]Less than once a week





Do you take a probiotic?

[] Yes
[] No

If yes, how often?
[ ] Daily
[ ]Every 1-2 days
[ ] Twice in one week
[ ]Once a week
[ ]Less than once a week

Provision of Stool Collection Kit

[] KitProvided to Subject

[ ] Reviewed Instructions for Collection and Sample Return
Sample Collection Summary

Stool Collection

Time of Bowel Movement: __ __ /___ /__ __ __ __ _ _:_ _ (24hclock)
M M D D Y Y Y Y
H M M
Time Stool Received: ___/_ _/__ _ _  _ __:__ (24hclock)
M M D D Y Y Y Y
H M M
Time Stool Placed in -80 freezer: __ _ /__ /____ __  _ _:__ (24hclock)
M M D D Y Y Y Y
H M M

Note any issues with stool collection or processing/






Appendix B — Supplement to Power Calculations

Power

Table of Relative Frequencies of Microbes
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Class Diabetics | Controls

Bacteroidetes 44.00% | 33.00%

Clostridia 53.00% | 34.00%

Bacilli 0.19% 0.03%

Betaproteobacteria 2.09% 0.81%

Other 0.72% | 32.16%
Figure 1

Variability Runs from Low (Top Line) to High (Bottom Line)

NGroup

50
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Abstract

We present statistical methods for analyzing metagenomic taxonomic data and determining the
sample size for experiments in order to ensure sufficient power to detect a difference in
microbiomes. The focus of this chapter is the use of statistical parametric testing methods for
analyzing univariate measures of microbiome diversity, single taxa comparisons across groups,
and multivariate analysis comparisons across groups. In addition, methods for sample size and
power calculations for case control or multiple group comparisons are presented. Software for

performing these analyses and calculations are discussed.

Keywords: metagenomic data, hypothesis testing, power analysis, sample size calculation,

diversity measure comparison, single taxa comparison, multiple taxa comparison, Dirichlet-

multinomial model.
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Introduction

Statistical hypothesis testing is well-established in clinical trials and basic research for
objectively deciding whether data from multiple groups come from the same or different
distributions” 2. The use of formal statistical hypothesis testing will become more important in

h* 4 ° as this field moves from technical development and basic

human microbiome researc
science discovery to translational medicine and environmental studies. To statistically test for
differences across groups, a formal set of logical steps is always followed which we define here

for the general case. Once these steps are outlined we will illustrate how they are applied to

microbiome data.

Formally, hypothesis testing is defined as a statistical procedure to decide whether the data
collected provides enough evidence to accept a null hypothesis (e.g., the data from groups
come from the same distribution) or to reject it in favor of an alternative hypothesis (e.g., they
come from different distributions) 2. For example, an investigator might be interested in the

comparison of the average heights of jockeys and basketball players whose (hypothetical)

distributions are shown in Figure

Figure 1 A
1] EffectSize ] 1. The histogram show that the
& _ ’_ = | L heights for these two populations
§ are both (visually) normally
g distributed, and that, as
§ expected, the heights of
basketball players are larger

' ' than those of the jockeys. To
Jockeys Basketball Players

decide if these two distributions
Height

are the same or different, the
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statistician formulates the problem into a hypothesis, decides on the statistical test (a t-test in

this simple example), and applies a formula to calculate the P value .

To design an experiment, an investigator determines how many samples are needed to have a
specified level of power to correctly conclude that the groups are different. To do this, four
questions must be answered. First, what are the distributions that generate the data? In the
example above we believe that heights of jockeys and basketball players are normally
distributed with means and variances whose values are available from prior data. Second, how
big of an effect size is being tested? As indicated in the figure, the distance between the two
means is denoted as the effect size of the hypothesis # °, and the further apart these two means
are the larger the effect size is. It should be noted that the definition of an effect size is specific
to the type of data being analyzed. In the above case it is simply the difference between the two
means. A more complicated effect size, for example, is the hazard ratio comparing survival
curves using a Cox proportional hazards model’. Attention to how the effect size is defined and
measured is important. Third, what is the test statistic that will be used to reject or not reject the
null hypothesis? The above example clearly requires the use of the t-test’, but issues such as
symmetric distributions with wide tails would indicate a Wilcoxon test' would be more
appropriate if the heights were not normally distributed. Fourth, what level of statistical
performance is required? Generally accepted performance is P < 0.05 for significance with 80%
power °. These values can be changed which have direct impact on the sample size as we will
indicate below. For example, the analyst may consider to use a lower level of significance (e.g.,
P < 0.01) when it is important to avoid incorrectly rejecting the null hypothesis, or to use a larger
power (e.g. 90%) when it is important to avoid not rejecting the null hypothesis when it should
be rejected. Setting these parameters are project specific and should involve discussion among
the key researchers designing the experiment including the primary investigator and co-

investigators, funding agency, and biostatistician.
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The P value, power, effect size and sample size are all completely interrelated®. If the P value
and power are held constant, a larger (smaller) effect size results in a smaller (larger) sample
size. Given the P value and effect size are held constant, then increasing (decreasing) the
sample size increases (decreases) the power of the study. This indicates why it is important to

specify all four of the parameters when designing an experiment.

The recipe presented here is repeated for any formal statistical hypothesis test and design of an
experiment for one, two or multiple groups, whether univariate, multivariate, multiple univariate
tests with adjustments for multiple testing, time series, or survival analyses. In the rest of this
chapter we present three examples of hypothesis testing for microbiome data: 1) Compare the
diversity measure of bacterial species present across groups; 2) Compare the frequency of a

taxon of interest across groups; and 3) Compare the frequency of taxa across groups

Metagenomic data

In this chapter the examples are comparisons of taxonomic labeled metagenomic data as
formatted in Table 1. The entries in the table are the number of sequence reads assigned to a
particular taxon by sample designated X indicating the number of taxon ‘k’ in subject ‘i'. The
total number of reads for each sample is denoted by the symbol X+ and the total number of
reads per taxon is denoted by the symbol X«. While this notation may seem clumsy, it is a

standard format used in statistics to describe data and calculations.

In experiments with multiple groups the rows will be divided by group. For example, if a two
group study was done the first 10 rows might be samples from group 1 and the second 10 rows

from group 2. In any case, the basic data structure is still as defined in Table 1.
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Table 1. Basic data structure and format of metagenomic samples to perform hypothesis
testing and statistical analysis.

Sample 1 2 Taxa K #Reads/Sample
1 X11 X12 ves X1K X1*
2 X21 X22 - XZK Xz*
N XN1 XN2 XNK XN*
#Reads/Taxon )& Xso .. Xok

One additional consideration involves the issue of standardization or normalization of the data.
Suppose we wish to analyze percentages of each taxon within the samples. Algebraically, this
involves dividing the reads in each row by the total number of reads for that row, and multiplying
this by 100. For example, the percent of taxon 1 in sample 1 is calculated as (X44/ X4+) x 100.

" and

Since different investigators chose to transform their data differently (see for example
references therein), we will not provide an exhaustive list of formula here, but do encourage the
reader to think carefully about how they are changing their data. In the Dirichlet-multinomial
model (presented below) ® raw count data is used with no need for rarefaction (a popular data
transformation among ecologist used to compare diversity indexes) which introduces loss of
information and has been shown to increase false positive errors °. The investigator should keep

in mind that transforming data should be done based on solid theoretical foundation and for a

specific purpose such as variance stabilization *°.

Compare diversity across groups

Our first microbiome example involves comparison of species diversity across groups. The
number and variety of individual taxa present in a metagenomic sample can be summarized

using an index measure (i.e., single number), such as the Shannon diversity index’ (

H, =ZiK:l(Xik/Xi*) log( X,/ X;.)) or species evenness’ (J; = H;/log(K)), calculated for each
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sample. When an investigator is interested in seeing if there is more diversity in one group
versus another, these measures can form the basis of the hypothesis test, power, and sample
size calculations. Depending on how these values are distributed and the number of groups, a

standard t-test, analysis of variance, or corresponding non-parametric test can be used”.

To illustrate, we compare the Shannon diversity calculated on Vervet monkeys from a study
comparing the impact on the stool microbiome of a typical American diet (TAD) versus a
commercially available monkey feed (CHOW). For each of the 136 monkeys, the microbiome
data, formatted as represented in Table 1, for each sample was used to calculate the Shannon

diversity for that monkey.

Figure 2
The distribution (Figure ' CHOW ' '
2) shows that TAD | .
results in higher diversity | .
since the histogram for ) L
this group is shifted to g 1 |,
the right (higher diversity % TAD

5
values) relative to the " - B
CHOW diet group. To 20 -
test the null hypothesis of 10 L
no difference in diversity 0 - . [ ] F
a t-test was used - Sha::on Diversity 3‘0 3-5

resulting in P < 0.0001 (t
= 9.4, df = 118.4) leading us to reject the null hypothesis of no difference in favor of the
alternative that the Shannon diversities are different in the two groups. Note that the
distributions are slightly skewed so a Wilcoxon test was done giving P < 0.0001 leading to the

same conclusion. Alternatively, a transformation to induce normality could be used (i.e., Box-
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Cox transformation’), though in this case little change in the P value would result since the t-test

is robust to non-normality”.

In experimental design sample sizes are calculated to ensure adequate power to detect a

difference in groups based on pilot data. In this data the mean and standard deviation for the

TAD group are 2.94 and 0.288, and for the CHOW group are 2.41 and 0.359. From this data the

effect size is simply the difference between the means (delta = 2.94 - 2.41), and calculating the

power or sample size can be done in almost any statistical software package (e.g., in R we used

power.t.test(n=2:20, delta = 2.94 - 2.41, sd = sqrt(0.1)) to generate the data for Figure 3).

From this power calculation we see that 7 Vervet monkeys for two groups randomly assigned to
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Sample Size Per Group

15

20

either TAD or CHOW
will result in 80%
power to reject the
null hypothesis that
the Shannon diversity
if the same in the two
groups of monkeys
fed different diets.
Increasing to 90%
power requires ~10

monkeys per group.
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Compare a taxon of interest across groups

Consider now the problem of testing a single taxon specified a priori across groups. It is
important to specify the taxon a priori to ensure that the researcher is not looking at the data to
see which taxa seem most different, then running tests to prove that what they saw is real.
Statistically, testing data that has been looked at and selected based on apparent differences
will inflate the false positive rate (i.e., rejects the null hypothesis when it should not be rejected

too often).

When the investigator wants to compare the abundance of the taxon across groups, it is
important to standardize the data to a common scale. For example, converting the abundance
to the percentage of reads in the sample (by dividing the taxon count by the total number of
reads times 100), scales the data to ‘the number of taxon per 100 reads’. Once the taxon count
is rescaled to a common value (e.g., percentage), it can be compared across groups in a similar
way as was done for diversity measures. Note that problems may arise if a large proportion of
the percentages are between 0%-20% and 80%-100%, in which case an inverse sine
transformation should be considered for variance stabilization'. More complex modeling of the
count data, such as negative-binomial regression, might also be considered to see if taxon
count is impacted by subject phenotype such as age, gender, health status, but this is beyond

the scope of this chapter.

To illustrate a second test of a single a priori specified taxon, consider the case where the
investigator wants to compare whether the taxon is present at different rates across groups. The
count data in Table 1 for a taxon would be transformed to 0 if the taxon is absent in the sample
or to 1 if the taxon is present in the sample. With categorical, data such as this, a Chi-square
test is used. To illustrate we compared the rate that Streptococcus appears in samples from the

left retroauricular crease and the gastrointestinal tract from the HMP data. Table 2 shows the
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distribution of these rates — 167 (92%) out of 181 left-retroauricular-crease samples had
Streptococcus, while 135 (65%) out of 209 Stool samples did. To test the null hypothesis that of
no difference in the rates of occurrence across the groups a chi-square test gave a P value <
0.0001 (X2 = 40.9, df =2) leading us to reject the null hypothesis of no difference in favor of the
alternative that the groups do have different rates of occurrence.

Table 2. Distribution of the Streptococcus rate across stool and saliva samples obtained from
the human microbiome project.

Body Site Presence Absence Total
Left Crease 167 (92%) 14 (8%) 181
Stool 135 (65%) 74 (35%) 209

If an investigator is interested in confirming these results in a second experiment, the sample
size (needed to ensure adequate power) can be computed using Figure 4 as pilot data. To
compute power for this example we first estimate the effect size. In the case of Shannon
diversity above, the effect size was easily calculated as the difference in means. With
categorical data we do not use the difference in rates but require a different measure of effect
size, such as Cramer’s Phi. Other measures of effect size such as the odds ratio or relative risk
might be of interest and selection from these alternatives is based on the goals of the
investigator. Using the pilot data in Table 2, Cramer’s Phi = 0.324, and setting the significance
level at 0.05, a single function call in R (pwr.chisq.test(w=0.324, df=1, N=1:200, sig.level=0.05))
gives the power for various sample sizes as shown in Figure 4. From this it is determined that
31 samples are needed in each group to correctly reject the null hypothesis with 80% power.

For 90% power ~45 samples per group are needed.
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A comment about multiple testing: In practice many investigators will compare each taxon

across groups separately resulting in a multiple testing problem # ''. To understand why this

needs adjustment it is
Figure 4
< N necessary to understand what

the P value means. If in a

08

testing situation the null

hypothesis is true (i.e., the

06
|

distributions of the taxon

Power to Reject Null

04

across groups is the same), the

02
1

P value tells us the probability

that in our data the observed

T T T T T T T

0 10 20 30 40 50 60 .
difference across groups

Sample Size Per Group

occurred strictly due to chance.
When we accept P <= 0.05 we are explicitly accepting that we are OK with a 5% chance of
saying the groups are different when they are not (i.e., known as a Type | Error, rejecting the

null hypothesis when the null- hypothesis is true, or a false positive).

Consider now the case where 2 taxa are tested separately and we use a P <= 0.05 as the level
of significance for each test. We might incorrectly conclude that taxon A is different across
groups when it is not, or incorrectly conclude that taxon B is different across groups when it is
not. However, we must also take into account the possibility that we incorrectly conclude that
both A and B are different across groups when they are not. The true Type | Error in this case is
easily calculated as 1 — (1 — 0.05)*2 = 0.0975 >> 0.05. So when the investigator thinks their
chance of committing a Type | Error (making a false positive conclusion) is 5%, it is in fact
9.75%. For 10 separate comparisons (1 — (1 — 0.05)*0 = 0.4013) this increases to a 40%

chance of committing a Type | Error.

11
To Appear in “Metagenomics for Microbiology” eds. Jacques Izard and Maria Rivera





Due to space limitations we cannot fully explore this topic here but want the reader to

understand the importance of protecting against this inflation in Type | Error.

Compare the frequency of all taxa across groups

While an investigator could approach the comparison of multiple taxa by comparing the
abundances of each taxon across groups separately adjusting for multiple comparisons as
described above, this approach is generally less powerful than multivariate approaches since it
does not take into account the interactions that exist between taxa. Multivariate statistical

methods were invented for exactly this type of problem.

A multivariate distribution that applies to metagenomic data, taking into accounts the
interactions or correlations among the taxa, is the Dirichlet-Multinomial (DM) model of taxa
counts® ' *. Parametric models such as this improves the analysis of data compared to non-
parametric approaches and generally simplify calculation of P values, sample sizes, power
calculations, measures of error, and confidence intervals. In addition, natural measures of

effect size often are available from the parameters.

To illustrate we present two analyses. The first compares the average taxa frequency across
metagenomic samples from saliva and throat and formally tests the null hypothesis that these
two microbiome populations are the same. Figure 5 shows the taxa frequency for the HMP
samples for both groups at the order level. For example, Lactobacillales has an average
abundance of ~40% in throat samples and ~18% in saliva samples. Using the test formula
derived for the Dirichlet-multinomial distribution, we calculated P = 0.038 (X.= 78.33; df = 11)
indicating that the null hypothesis is rejected and we conclude that the two groups have different

proportions of these taxa.

12
To Appear in “Metagenomics for Microbiology” eds. Jacques Izard and Maria Rivera
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mentioned previously, the
definition of effect size varies for different types of data: For the Shannon diversity example the
effect size was the difference in means, while for the categorical data using Chi-square statistics
it was a more complicated calculation (i.e., Cramer’s Phi). For this problem the effect size is,
intuitively, a measure of the distance between the two lines in Figure 5, and is calculated as a
Modified Cramer’s Phi measure®. The further apart the lines are the larger the effect size is, and

as in all power calculations, the fewer samples that would be needed for a given level of power.

Performing power calculations for metagenomics data requires the R-package HMP: Hypothesis
Testing and Power Calculations for Comparing Metagenomic Samples' developed by authors
of this chapter. To calculate power the investigator estimates the Dirichlet-multinomial
parameters for each group (part of the R package), compute the effect size, sets the
significance level (e.g., 5%), and specify the number sequences that will be generated on
average for each sample. In practice we suggest that a range of sample sizes and depth of
sequencing be specified to generate a table of power values as shown in Table 3. To compare

the curves in Figure 5 the investigator should sequence 7 samples per group to guarantee 90%
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power to correctly reject the null hypothesis. While power increases only slightly with more
reads, it is often justified to do deep sequencing to increase the probability of finding rare taxa,
however this is outside the discussion of this chapter.

Table 3. Power calculation as a function of number of sequence reads and sample size for the

comparison of the average taxa frequency from the throat and saliva populations obtained from
the human microbiome project, using 5% significant levels.

Dirichlet-Multinomial
Number of sequence reads
Number of subjects | 1000 5000 10000

2 343% | 37.9% | 38.2%
75.8% | 76.6% 77.2
85% 86.6.% 87.1
92.1% | 92.7% | 92.9%
96.1% 96.3% 96.5%

Power

(e B NENe ) REE, ]

In the above example the distributions were far apart (i.e., the lines in Figure 5 were far apart)
with a calculated effect size equal to 0.27. In a second example we use subgingival and
supragingival plaque samples to show the impact of effect size on sample size and power. In
this example the effect size = 0.07 is a much smaller difference which is confirmed visually in
Figure 6 where the lines are closer together. Table 4 shows the power analysis for this data
using 1% and 5% significance levels where we see that about 25 samples per group will be
needed to have ~90% power. Note also that as the significance level gets smaller (i.e., P <=

0.01 to reject the null hypothesis), the power decreases for the same number of samples.
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Table 4. Power calculation as a function of number of sequence reads and sample size for the

comparison the average taxa frequency from the subgingiva and supragingiva plaque

populations obtained from the human microbiome project, using 1% and 5% significant levels.

Power

Alpha= 1%

Alpha=5%

Number of sequence reads

Number of sequence reads

Number of subjects

1,000 5,000 | 10,000

1,000 5,000 | 10,000

10 29.45% | 29.83% | 29.89% | 52.79% | 52.91% | 53.20%
15 55.26% | 56.16% | 56.16% | 77.10% | 77.88% | 77.98%
25 89.44% | 90.03% | 90.00% | 96.80% | 97.02% | 97.13%
50 99.96% | 99.98% | 99.96% | 99.99% | 99.99% | 99.99%
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A comment about using the wrong distribution: Using an incorrect statistical model for data can
often lead to incorrect results, and therefore, care must be taken when designing a study. A
natural first pass look at metagenomics count data might lead a statistician to consider using a
multinomial model to perform hypothesis testing, as well as power and sample size calculations.
We and others have shown that the multinomial model is incorrect since it cannot capture the
excess variability present in metagenomic data (technically this is defined as overdispersion.)
Ignoring the overdispersion leads to designing studies with significantly lower power than the
investigator believes. For example, Table 5 shows the power estimated using the wrong
multinomial distribution for comparing the saliva and throat data: This indicates 2 samples per
group and 1,000 sequences is sufficient to have >99.9% power, when in reality, using the
correct Dirichlet-multinomial model, this sample size has only 34.3% power. Using the wrong
distribution will result in significant increase in deciding the groups are not different when they

are (Type Il Error or False Negative).

Table 5. Comparison between the power of a test statistic based on the multinomial model
versus a test statistics based on the DM model to compare the average taxa frequency from
the throat and saliva populations using 5% significant levels.

Multinomial Dirichlet-Multinomial
Power
Number of sequence reads Number of sequence reads
Number of
. 50 100 1000 2000 5000 1000 5000 10000
subjects
2 >73.3% | >96.7% | >99.9% | >99.9% | >99.9% | 34.3% 37.9% | 38.2%
5 >99.9% | >99.9% | >99.9% | >99.9% | >99.9% | 75.8% 76.6% 77.2
16
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Discussion and Future Research

This chapter has introduced power and sample size calculations and hypothesis testing for
microbiome research. Our hope in writing this chapter is to encourage microbiome investigators
to consider early in their design of experiments these statistical topics which will impact their
ability to reach conclusions about their data. In particular, we focused on topics related to the
data format of microbiome taxonomic sequence counts, the distribution of the data, effect size
indicating how groups of microbiome samples differ from each other, and formal parametric
statistical tests and power/sample size calculations. Examples for comparing diversity measures
across groups using the t-test, the rates of occurrence of a taxon using the Chi-square test, and
the entire microbiome across groups using the multivariate Dirichlet-multinomial distribution
were presented. Short discussions were included about multiple testing adjustments (when
each taxon is compared across groups separately), and the dangers in designing and analyzing
data using the wrong distribution. In each example, the null hypotheses was defined, P values
were calculated to decide if the null hypothesis should be accepted or rejected in favor of the

alternative, and power/sample size calculations were performed for designing experiments.

Many investigators chose to use multiple testing (i.e., compare one taxon at a time across
groups) and adjust the P values using one of several different multiple testing adjustment
strategies'®. This approach to data analysis has the advantage of allowing the investigator to
examine individual taxa to learn how they may impact a phenotype. The shortcoming of this
approach is that it ignores the interactions or correlations among the taxa and treats them as
independent which is not true for metagenomic data. When the investigator is interested in
discovery this approach may be sufficient for generating hypotheses for further research.
However, as the microbiome moves out of the basic science discovery phase to clinical

translational research, with eventual development of biomarkers for disease and drug
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experiments under FDA guidelines, more formal statistics such as the multivariate Dirichlet-

multinomial test will almost surely be required.

In this chapter, due to space limitations, we have focused exclusively on parametric statistical
testing and power calculations. However, other methods such as Permanova 6 and Anosim "’
based on permutation testing are frequently used, and tools for defining effect sizes and
calculating power and sample size tables are available (see for example '® ). For investigators
preferring to use the non-parametric approaches there is ample literature to guide them on their

use.

As biostatisticians we are particularly interested in developing and promoting the use of
parametric models for analyzing biomedical data, since these almost always have better
properties than corresponding non-parametric models. For example, parametric models are
almost uniformly more efficient than non-parametric models which mean that in cases where
100 samples are required for a non-parametric model, the parametric model will have the same
power with significantly fewer samples leading to cost savings in experiments. With this in mind
there are two open problems to solve with the Dirichlet-multinomial test. First, if we conclude the
groups are different and reject the null hypothesis, the question of which taxa are different
arises. By rejecting the null hypothesis in a multivariate test we are concluding that at least one
taxon, and perhaps all taxa, are different across the groups. A post hoc test, analogous to those
used in analysis-of-variance, will tell us which taxa are different. Second, many microbiome
studies are longitudinal where samples are collected from the same subject at multiple times.
This results in correlation of samples within subjects which must be taken into account to obtain
accurate P values and power/sample size estimates. A Generalized Dirichlet-multinomial

distribution model '® can be used to solve this problem.
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Figure legends

Figure 1. Example of histograms of the height distributions from Jockeys and basketball players

Figure 2. Histograms of the Shannon diversity distributions computed on taxa composition data
from the stool of a group of Vervet monkeys feeding Chow (upper panel) and another group

feeding on typical american diet (TAD) (lower panel).

Figure 3. Power of the t test as a function of the sample size per group for an effect size equal

to 0.53, the difference between the average Shannon diversity index of the TAD and Chow

group).

Figure 4. Power of the Chi-squared test as a function of the sample size per group for an effect
size given by Cramer-phi = 0.354, a measure of the difference between the rate of
Streptococcus found in metagenomic samples from the left retroauricular crease and the

gastrointestinal tract populations from the human microbiome project.

Figure 5. Average taxa frequency computed across metagenomic samples from the saliva and

throat populations obtained from the human microbiome project.

Figure 6. Average taxa frequency computed across metagenomic samples from the subgingival

and supragingival plaque populations obtained from the human microbiome project
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Instructions for Home Stool Collection

*Before collecting your sample, place gel packs in freezer for at least 12 hours.*
*Pick up is available 24/7. Please be available to await pickup within 1 2 hours after calling.*

STEP 1 - Raise the toilet seat. Place the stool
collection frame on the back of the toilet bowl
(Figure 1). All four corners of the collection
frame should be supported by the toilet bowl.

STEP 2 - Lower the toilet seat back down and
place collection bowl in frame (see Figure 2).

STEP 3 - Deposit your stool directly into the
collection container. Do not urinate into the
collection container, if possible.

Figure 2

STEP 4 - After collecting your sample, remove
the container from the frame and place the
container on a flat surface . Firmly press the
lid closed.

STEP 5 - On the label, complete your name,
date, and time of the stool collection
(Figure 3).

STEP 6 -Place the container in a Ziploc bag
and seal (Figure 4).

Figure 4

STEP 7 -Place one gel pack at the bottom of
the metallic envelope. Next place the Ziploc
bag containing the stool sample on the gel pack
(Figure 5).

STEP 8 - Place the second gel back on top of
the container (Figure 6). Seal the envelope.

STEP 9 - IMMEDIATELY call the courier
(TBD) at xxX-XX-XXXX.

for sample pickup. They will come to your
home within 90 minutes after calling.

Figure 5

Figure 6

THANK YOU FOR YOUR PARTICIPATION

If you have any questions, please contact name at number
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Research Strategy (Work in Progress for February 5" submission to NIDDK)

Significance

The vast collection of symbiotic microorganisms found in the human gastrointestinal system ("the gut
microbiome") interacts with the human genome in profound ways and performs important biochemical
functions for the host that we are only beginning to understand. Those mechanisms are being elucidated by
new genomic technologies that have pointed to ways in which the microbiome influences the pathogenesis of a
variety of traits and disease states, among them obesity, the metabolic syndrome, and diabetes. However, the
field is new and “emerging” — the Human Microbiome Project completed its work only a few years ago — and
most early efforts have been focused on developing next-generation sequencing methodologies and new
statistical methods for dealing with massive and novel datasets. Initial studies of microbe functionality have
largely focused on animal models or on small human populations and have been designed to gain preliminary
knowledge for developing more rigorous hypothesis-driven studies. Human studies to date have been largely
descriptive in nature, non-prospective with small sample sizes and non-diverse populations, and have shown
mixed — often contradictory — results (see e.g., De Vos and Nieuwdorp, 2013; Karlsson et al., 2013; Zupancic
et al., 2012; Qin et al., 2012; Maneesh et al., 2012). Nevertheless, there‘is compelling evidence (much from
animal studies) that gut microbiota participate in whole-body metabolism by affecting energy balance, glucose
metabolism, and low grade inflammation — key components of obesity and type 2 diabetes. Mechanisms
affected by gut microbiota include production and passage of endotoxins into systemic circulation; local
production of endotoxins that may change gut permeability/intestinal wall local defenses; production and
movement of lipopolysaccharides that trigger inflammatory responses; increased energy efficiency resulting in
up to + 180 kcal/day (increased energy harvest); increased insulin resistance through proinflammatory
response, and increased short chain fatty acids (SCFAs) — although the role of SCFAs is unclear (e.g.,
butyrate may be proinflammatory or anti-inflammatory in some studies) (Ooi JH et al., 2013; Le Chatelier et al;,
2013; Harris et al., 2012; Guerts et al., 2011; Esteve et al., 2011; Rabot et al., 2011; Cani et al., 2012; 2007;
2006; 2005; 2004; Turnbaugh et al., 2006; Backhed et al., 2004). We have at least preliminary evidence that
the microbial population of the gut is different in people who have type 2 diabetes from those who are
normoglycemic or prediabetic (e.g., Zhang et al., 2013; Larsen et al., 2010) — and one author has simply called
diabetes an “intestinal disease” (Sanyal, 2013).

The role of Vitamin D in connection to the microbiome is less well established but provocative (e.g.,
Barengolts, 2013; Ly et al., 2011), and increasing evidence demonstrates that the Vitamin D receptor (VDR), a
nuclear receptor, is involved in-inflammatory responses (Lu et al., 2012; Tlaskalova-Hogenova et al., 2011).
For example, the NF-kB transcriptional system has been linked to the development of colitis and inflammation-
linked cancers (Ben-Neriah and Karim, 2011; Wu et al., 2010). Systemic inflammation via an increase in pro-
inflammatory cytokines plays an important role in the pathogenesis of type 2 diabetes (e.g., Hu et al., 2004;
Pittas et al., 2003; Duncan et al., 2003; Pradhan et al., 2001), and Vitamin D may lessen diabetes risk by
modulating the expression and activity of cytokines, possibly through downregulation of NF-kB, among other
pathways (Cohen-Lahav et al., 2007). Thus, there is plausible reason to infer that a VDR-microbiome link
exists for the pathogenesis of type 2 diabetes as well. The ancillary study proposed in this application provides
a unique opportunity for exploring that link for the first time.

Recent advances in our understanding of the community structure and function of the human microbiome
have led to intentional efforts to explore the potential role of probiotics and prebiotics in promoting human
health. A more thorough understanding of the function of microbial populations in the pathogenesis of Type 2
diabetes has the potential for advancing “personalized health care;” that is, for allowing us to develop targeted
and low-risk therapies that replace deleterious microbes in the intestine with those known to be beneficial in
preventing metabolic disorders (see e.g., Petschov et al., 2013; Qin et al., 2012; Kinross et al., 2011).

Innovation

The proposed study is innovative in several ways. According to the CDC (2013), 8.5% of the U.S.
population, or 25.8 million people, have diabetes, 7 million of them undiagnosed. Of even more concern is that
an estimated 79 million adults have prediabetes — 35% of all U.S. adults over 20 and 50% of those 65+ — and
most of them will, over time, convert to diabetes. It is in this population that timely intervention such as the
development of targeted pre- or probiotics could provide the most cost-effective effort — and it is precisely that
group that forms the population for the D2d Study (www.d2dstudy.org) and for our proposed ancillary study.
More importantly, it will be, to our knowledge, the first prospective study of the gut microbiome and incident
T2DM. We have a unique opportunity to gather data much more efficiently by piggybacking on a large ongoing





NIH-funded clinical trial (the D2d Study) with a controlled population where, unlike many prior studies, diet and
extensive phenotypic data are available. Since the recruitment period for the D2d Study is only of 2 years’
duration, this opportunity is “one-time-only.” It would be prohibitively expensive to do the study independently.

The proposed study also has the potential for advancing knowledge of microbial function (in contrast to
merely describing taxonomies of the microbiome) in a rigid, hypothesis-driven environment with a clearly
defined population, and a standardized methodology will allow us to compare and contrast results to
established microbiome libraries — including the cohort of 254 healthy adults sequenced as part of the Human
Microbiome Project (HMP Consortium, 2012).

Innovative statistical-analytical methods developed previously by members of Dr. Shannon’s lab and the
Genome Institute at Washington University in St. Louis are also a major feature of this project. In Zhou et al.,
(2013), the Genome Institute generated a biogeographical map that annotates the biodiversity, spatial
relationships, and temporal stability of 22 habitats from 279 healthy humans using the largest microbiome
dataset yet analyzed. In this work, using a combination of community structure and biostatistical tools, they
estimated the baseline of inter-subject variation for healthy adults across the habitats and compared stability of
ecological measures of diversity and the independence of biodiversity across body sites. In La Rosa et al.
(2012a) the Dirichlet-Multinomial Model was developed for sample size and power calculations for
metagenomic studies. This model presents a more powerful statistical approach for experimental design than
was previously available. In addition, this model provides tests of hypotheses for comparing groups of
metagenomic samples to determine whether the microbiomes are the same or different across patient
subgroups. As a third example, La Rosa et al., (2012b) provides a new method to objectively estimate the
microbiome core for a set of metagenomic samples. By combining RDP taxonomic trees, this method uses
statistical criteria (e.g., maximum likelihood estimation — MLE) to find the optimal representation of the
community structure that will let investigators better understand the ecology of the samples. Each of these
examples is now being used routinely in metagenomic projects and will be developed into automatic pipelines
to process and analyze derivative datasets from the D2d Ancillary Study.

In addition to methods developed by the Genome Institute team, the ‘ancillary study will use analytical
methods from the broader microbiome research community. Several tools have been developed to compare
human microbiome communities using either phylogenetic or taxonomic classification of metagenomic
sequences. These strategies are based primarily on exploratory cluster analysis, phylogenetic inferences,
biological diversity indices, bootstrap or resampling methods, and application of univariate and non-parametric
statistics to different subsets of the data. Methods currently being used to compare samples based on the
phylogenetic classification of their corresponding sequences include LIBSHUFF (Singleton et al., 2001), the
analysis of molecular variance (AMOVA) (Martin, 2002), S-LIBSHUFF (Schloss et al., 2004), UniFrac
(Lozupone and Knight, 2005), Tree Climber (Schloss and Handelsman, 2006), and Fast Unifrac (Hamady et
al., 2009). One of the advantages of these methods is that they do not require a large number of sequences to
detect significant differences between samples from different populations. Methods for comparing samples
using the unsupervised taxonomic classification of their sequences include SONS (Schloss and Handelsman,
2006) and DOTURS (Schloss and Handelsman, 2005). Another advantage of these methods is that they use
standard diversity indices such as species richness and evenness, which provide quantitative descriptions of a
community as well as its similarity to other communities. Additional methods and ecological/HMP software
packages compare microbiomes based on standard statistical methods such as contingency tables, Fisher's
Exact Test, or goodness-of-fit tests to multinomial distributions, or bootstrap tests (e.g., XIPE-TOTEC
(Rodriguez-Brito et al., 2006), IMG/M (Markowitz et al., 2008), MEGAN (Mitra et al., 2009), Metastats (White et
al., 2009), QIIME (Capuraso et al., 2010), and STAMP (Parks and Beiko, 2010).

The proposed ancillary study employs the newest sequencing technologies in a cost-effective two-tier
approach. The sequencing methodologies represent the latest techniques emanating from the Human
Microbiome Project applied to a question that has not yet been addressed. The 16S rRNA analysis allows
deeper sampling of taxa within the bacterial community at a lower cost than WGS (Whole Genome
Sequencing). 16S rRNA gene sequencing provides at best a species-level census of bacteria, with no
information about the strains or their genetic content and no analysis of non-bacterial microbes (viruses, fungi,
etc.) while WGS sequencing does provide this information. Shotgun sequencing, on the other hand, samples
less deeply than 16S rRNA sequencing because only a small fraction of the sequences are from 16S rRNA
genes and very large data sets are needed to completely sequence rarer species (Weinstock, 2012). Thus,
both methods are required to produce the most complete description of a microbial community in a cost-





effective manner. We will start with the 16S rRNA survey and use this information — e.g., after one of the
methods of cluster analysis mentioned above — to determine which samples group together. We will then
choose a subset of samples, representing the various groups, to carry out the more intensive and expensive
WGS studies. The WGS data will be analyzed for viral load, eukaryotic microbes, metabolic capabilities
contributed by microbes, antibiotic resistance or virulence factors, and other gene-level features. In light of the
analysis of the initial WGS samples, we will then increase the number of samples and depth of sequences
generated for additional WGS samples based on our trial WGS results. This plan is fiscally responsible and
also allows one to use one's resources on the samples that are expected to yield the most information and be
most relevant for diabetes, either as biomarker or contributing factor.

Approach
Recruitment Population

Subjects will be recruited from 10 of the sites participating in the parent D2d Study. The Vitamin D and Type
2 Diabetes (D2d) Study — NIDDK UO1DK098245 - is a multicenter, randomized (1:1), double-masked,
placebo-controlled, parallel-group, primary prevention clinical trial with 2 arms (4,000 U oral daily vitamin D vs.
placebo) in participants at high risk for diabetes (with impaired glucose tolerance) who will be followed for
approximately 4 years after randomization for incident diabetes. Its goal is to assess whether, in participants
with pre-diabetes, oral daily vitamin D3 (cholecalciferol) supplementation reduces the rate of progression from
pre-diabetes to diabetes. Primary outcome is time to development of diabetes. The trial is event-driven; it will
end when there are 508 cases of incident diabetes. 2,382 subjects are being enrolled from 20 sites throughout
the U.S.

The ten sites collaborating in the proposed ancillary study represent diverse regions of the U.S.: New
England and the Northeast (Maine, Tufts, Beth Israel NYC), the South and Southeast (Florida, Tulane, Atlanta
VA), the Midwest (Kansas, Nebraska, Northwestern), and the West (Los Angeles Roybal Center at USC).
Recruitment for the parent study was launched in mid-October 2013 and will extend over a two-year period
(possibly extended). Each of the ancillary study collaborating sites has committed to recruit 25 subjects in year
two of the D2d study — a total of 250. This represents only one third to-one half (on average) of their parent
study commitment for year two. Response to two currently ongoing ancillary studies — one a repository study
that requires extraction of DNA — has been very high (ca. 90%). We have designed the microbiome study to
add little additional burden for either participants or local sites.

Recruitment process

Subjects will be asked whether they agree to participate in the ancillary study at D2d baseline visit. They will
need to qualify for the D2d study itself, as well as meet further inclusion-exclusion criteria for the ancillary study
outlined in “Human Subjects.” Additional exclusion criteria are designed to eliminate severe confounders (e.g.,
antibiotic and commercial probiotic use; severe disease that affects the gastrointestinal system). Participants
will, via the formal consent process, be given full information about the extent of their commitment. If they
choose to sign the consent form, they will be given collection supplies and instruction and asked to provide a
baseline stool sample at or before D2d randomization.

Each institution will use a separate version of the study informed consent, developed from a template
provided by Kansas. All subjects screened must document informed consent by signing and dating the study
consent form. The written consent document will embody the elements of informed consent as described in the
Declaration of Helsinki and in the U.S. Code of Federal Regulations, Title 45 Part 46, and will adhere to the
ICH Harmonized Tripartite guidelines for Good Clinical Practice. Informed consent will be implemented before
any protocol-specific procedures are carried out. Information will be presented both orally and in written form.
The investigator/coordinator will give subjects ample opportunity to inquire about details of the study and ask
any questions before dating and signing the consent form. Informed consent will be obtained at the D2d
baseline visit. We will suggest that coordinators give the D2d-GM consent form to subjects at screening or at
the time they qualify for the D2d baseline visit so that they will have had an opportunity to have read it and can
come ready to ask any questions they may have. Kansas will also provide the participating sites with an FAQ
that will assist coordinators in answering those questions. Kansas will also be in a position to use the IRBShare
mechanism at that time as well. The first 3-4 months of the ancillary study are designated for database
development and for sites' gaining approval from their local IRBs.





We anticipate an accrual rate of circa 25 per month over an approximate 10-month period (January through
October 2015). Recruitment will be competitive and will continue throughout the D2d recruitment period or
until 250 subjects are enrolled.

Sample Collection

Collection of samples will occur at D2d randomization, semi-annual and annual visits over 3-3.5 years (avg. 7
samples per subject; 1,750 total); another sample will be requested at confirmatory visit (for incident diabetes)
if the immediate prior sample was received more than 2 weeks prior. Subjects will collect stool at home via an
easy-to-use stool kit' that requires only that the subject put a lid on the utensil and place it in a thermal
container with gel packs provided by the study. If the subject is unable to get a sample within 12 hours prior to
a scheduled visit, a courier service will be provided for delivery from subject's home to the research site. Use
of a courier has resulted in 100% compliance in prior studies at Washington University in St. Louis (personal
communication, W. Shannon); all sites have agreed to use a courier.

Stool Processing — DNA Extraction

Local site research staff (coordinators or nursing staff) will be required to aliquot stool samples into two 2-ml
tubes and place them into a -80 freezer within 24 hours of receipt. Samples will be shipped to the University of
Vermont’'s Laboratory for Clinical Biochemistry Research (LCBR) on a schedule TBD (it is anticipated this will
coincide with regular D2d shipments). Vermont will extract DNA from the stool samples using a QlIAmp DNA
stool kit> and ship to the Jackson Laboratory for Genomic Medicine at the University of Connecticut Health
Center for sequencing. The LCBR includes ~ 3000 square feet for research divided into three areas: general
lab space, DNA preparation and analysis, and sample receipt and handling. Dr. Russell Tracy has directed the
LCBR since its inception in 1986. It has collaborated on a wide variety of clinical studies, clinical trials, and
epidemiology studies in local, national, and international settings.

Sequencing of Samples

16S rRNA gene sequencing. All samples will be subjected to 16S rRNA gene sequencing. Previously, most
studies (such as the Human Microbiome Project) used the Roche-454 sequencing platform, which produces
read lengths of 400 bases. The 16S rRNA gene is about 1.5kb, and includes 9 variable regions that provide
much of the sequence distinction between different taxa. A 454 read can only cover a portion of the 16S gene,
and generally PCR primers were chosen to amplify 3 neighboring variable regions. Three variable regions are
generally sufficient to identify taxa down to the genus level, and sometimes to the species level. However,
Roche recently announced it was closing the 454 company, and the future of this platform is uncertain. Thus
efforts have been underway to use the lllumina sequencing platform for 16S rRNA gene analysis. Currently,
the read length for an lllumina MiSeq sequence is 250 bases, and paired reads are possible from the same
template fragment — allowing a total span of up to 500 bases, comparable to 454. lllumina has recently
released a kit® that targets two neighboring variable regions, which would provide nearly as good taxon
definition as the 454 approach. We have been developing our own approach that targets three variable regions
and is as effective as the 454 platform. This uses the newly-released version 3 of the MiSeq instrumentation,
which produces 300 base reads — hence 600 bases in a read pair. We will have this procedure validated and in
place by the time the proposed project begins. A byproduct of this approach is that the depth of sampling can
be at least several times deeper than with 454, while the cost is also reduced by severalfold.

Whole genome shotgun sequencing. A subset of the samples (dictated by 16S rRNA results and the research
design) will be subjected to WGS sequencing. Samples will be grouped based on 16S rRNA communities; e.g.,
by hierarchical clustering. An example of stool samples from 208 healthy adult subjects (dominated by the
genera Bacteroides and Prevotella and members of Ruminococcus family) is shown in Figure 1. Within each of
these clusters are other subclusters. Representatives from clusters, selected depending on the size of the
clusters, clinical characteristics associated with the clusters, or other characteristics will be subjected to WGS
sequencing. This will be performed on the HiSeq2500 instrument, which produces 150 base reads. Read pairs
will be produced from each fragment to a depth of 10 Gb/sample (>30 million read pairs/sample) and analyzed

! http://www.fishersci.com/ecomm/servlet/fsproductdetail 10652 645033 -1 0#

2 http://www.qiagen.com/products/catalog/sample-technologies/dna-sample-technologies/genomic-dna/qgiaamp-dna-stool-
mini-kit

3 http://res.illumina.com/documents/products/appnotes/appnote_miseq_16s.pdf





as described above after removing contaminating human sequences (usually <1%), artifactual duplicate reads,
short reads, and low quality bases.
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Overall study design: Although all samples will undergo 16S rRNA sequencing in order to attain maximum
potential usefulness of the data generated by the ancillary study, we will limit our formal analysis to
performance of a nested case-control study within a prospective cohort of subjects enrolled in the D2d Study.
Cases will be defined as subjects who convert to diabetes compared to treatment group (blinded) and age-,
gender-, and BMI-matched controls who do not convert within the same amount of time on study. The
unbiased collection of stool samples within a prospective cohort followed by a nested case-control study will
permit the more expensive GWS sequencing of only stools from cases and controls, as defined by this study,
while minimizing the selection bias traditionally associated with case-control study design (Ernster, 1994). As
this is an observational study, patients will follow the D2d Study protocol.

Sample size: The Dirichlet-Multinomial Model of metagenomic data is used for determining the sample size
to test Aims 1 (difference in baseline microbiome between converters and non-converters) and 2 (difference in
change in microbiome between converters and non-converters). Aim 3 (longitudinal changes) is exploratory,
and no methods exist yet for power/sample size calculations. Sample sizes for Aims 1 and 2 were calculated
using the HMP R software package developed in Dr. Shannon’s lab (La Rosa et al., 2014; 2012a; 2012c).

We used published data on diabetic stool microbiome to calculate power/sample size (Larsen et al., 2010).
Table 1 shows the percentages of the microbial classes in 18 diabetics and normal controls. Data were not
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Research Design

Class Diabetics | Controls | available to estimate the overdispersion parameter of the Dirichlet-

Bacteroidetes 44.00% | 33.00% Multinomial Distribution; we calculated the sample size across a
: : range of overdispersion from low to high variability. Sample size was

Clostridia 53.00% |34.00% | calculated setting alpha = 0.01, sample sizes from 5 to 50, and
Bacilli 0.19% | 0.03% 10,000 Monte Carlo simulations. The power curves (Figure 2) show
Betaproteobacteria | 2.09% 0.81% that we can detect a difference in Table 1 percentages with large
Other 0.72% 32.16% | Variability (lowest two lines) using 35-40 subjects per arm with 80%

power. Since the true variability (i.e., overdispersion in the Dirichlet-
Multinomial) and percentages of taxa at the genus level are unknown, we cannot be more precise than this. In





our experience, overdispersion has generally been low or moderate. We believe 35 samples per arm will
provide more than enough power for this exploratory study.

Figure 2.
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Thus even with a non-compliance rate of 20% (the maximum allowed), we anticipate more than enough cases
to power the study.

Outcome Measures

The primary outcome will be the difference in composition of gut microbiota between those who convert to
diabetes and those who do not and between Vitamin D and placebo subgroups of converters and non-
converters.

A Secondary outcome will be microbial markers that predict conversion.

An Exploratory outcome will be changes in levels of serum CRP (measured annually) from baseline to
conversion and/or end of study.

Baseline Data Collection

The screening/baseline questionnaire is provided as an appendix to this application. Exclusion criteria
(outlined in “Human Subjects”) were developed from those used in the Human Microbiome Project ((2009).
They are designed to control for chronic constipation or diarrhea that would impair stool collection or severe
gastrointestinal disease or gastric surgery not excluded by the parent study, as well as for medication (i.e.,
antibiotic) or supplement (i.e., commercial probiotic) use that would potentially skew study outcomes.
Additional questions will attempt to identify confounders such as diet and prebiotic use. Age, BMI, and
ethnicity are other potential confounders (see e.g., Yatsnenko et al., 2012). These data will be available from
the parent study.

In addition, a C-Reactive Protein (CRP) test will be run from available blood samples taken as part of the
parent study (no further blood draw required). Levels of CRP have been shown to be markers of intestinal
dysbiosis and inflammation that may contribute to incident diabetes (e.g., Zhang et al., 2013). CRP has also
been correlated with the intestinal Bacteroidetes/Firmicutes ratio (r = -0.41, P = 0.03) (Verdam et al., 2013;
Xiao and Zhao, 2013).





Post-enrollment data collection.

A brief survey will be administered at each sample collection to document potential confounding factors such
as changes in diet and supplement intake, bowel habits, or medical issues/procedures that might impact
microbiome composition; e.g., antibiotic use. The serum CRP test will be done at each annual visit.

Additional D2d data available for analysis.

The following additional data will be requested from the parent D2d Study for use in analysis: vital signs
(each visit); non-study medication review (each visit); Food Frequency Questionnaire (baseline, month 48,
confirmatory visit); study pill adherence (each visit); HbA1c and Fasting Plasma Glucose (FPG) (each visit);
two-hour plasma glucose (OGTT — annual visits); 25-hydroxyvitamin D (baseline and annual visits — after
unblinding); serum insulin, fasting (baseline and annual visits). The first 4 of the above will allow us to control
potential confounders; the others represent metabolic indicators that may correlate with composition of and
changes in the microbiome.

Statistical Analysis

The primary role for BioRankings (co-l William Shannon) is to provide analytical support to D2d-GM
investigators. Because of the complexity of the data and the broad range of clinical questions to be addressed,
the need for a dedicated analysis core is justified. Examples of general analytic approaches that will be used
are the following:

* Exploratory multivariate analysis for microbiome data. To explore patterns in the samples, we will use
both clustering methods and multivariate ordination (e.g., multidimensional scaling (Borg and Groenen,
2005); principle coordinate analysis (PCoA) (Gower, 2005)). We will use hierarchical and PAM clustering
with Bray-Curtis dissimilarity measure (Berkhin, 2006), Unifrac distance (Lozupone and Knight, 2005) and
Jensen-Shannon distance (Lin, 1991) to explore the sample cluster pattern and specific microbial
community structures along different clinical covariates. Ordination methods will facilitate pattern analysis
by reducing the high dimensional data to 2 or 3 dimensions for visualization and cluster identification. We
will apply the silhouette value approach (Rousseeuw, 1987) and cluster prediction strength (Tibsherani and
Walter, 2005) to determine the optimal number of clusters within a set of samples. We have found that
manual inspection of the cluster solutions with the consideration of biological meaning was important in
choosing the clusters. Visualization of the results for inspection will be emphasized.

* Defining microbiome cores. To evaluate the conservation of the community structure of the total
population in case or control groups, we will compute the membership core defined as the taxa shared by a
given percentage of subjects. A novel statistical approach, the maximum likelihood statistical estimation
(MLE) method, has been developed in the Genome Institute at Washington University in St. Louis to
estimate cores. It has the dual advantages of being unbiased in groupings and consistent with different
sample sizes (La Rosa et al., 2012b). In this approach, sequence reads from a single metagenomic sample
mapped to taxonomies are represented as a rooted tree with Kingdom at the top and lower taxonomic
levels (e.g., genus) at the bottom. We have one such taxonomy tree per sample analyzed, and, therefore,

using a probability parametric model defined on trees, we

provide an estimate of the most likely taxonomy tree (MLE
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actual MLE represented by the red dot is shown to have the maximum likelihood value overall and is
centrally located in the multidimensional scaling plot. This tree has been proposed as the microbiome core
for this body site.

Diversity estimation. The diversity index is a sensitive measure of microbial community structure.
Richness and Shannon indices (Legendre and Legendre, 2012) will be calculated to indicate the number of
taxa and their abundances in a community and compared between case and control groups by two-sample
t-test or between multiple groups by the ANOVA test.

Dirichlet-Multinomial-based statistical test. To perform two-group or multiple-group comparison of
microbial community structure, we will model the microbial community structure with the Dirichlet-
Multinomial (DM) distribution and its generalizations developed by Dr. Shannon and other groups (Chen
and Li, 2013; La Rosa et al., 2012a). This model was tested in the large HMP cohort. It is suitable for
human microbiota data with high dimensionality and high interpersonal variation.

Figure 4 shows an example where
samples from sub- and supra-gingival
030 oral sites in 24 healthy subjects are
® being compared using the taxa
frequency mean at the class level. It
. finds that the microbiomes are different
* in these groups (P = 0.007) (Chen and
: 3 Li, 2013; La Rosa et al., 2012a). P-
¢ values will be obtained from a
000 < : . : e - . . - - T Generalized Wald-type test statistic (La
2 Rosa et al.,, 2012a). When there are
multiple clinical covariates associated
with microbiome data, we will perform
DM-based regression analysis to test
the association of taxa abundance and
covariates (Chen and Li, 2013). The
Bonferroni correction will be used to adjust p-values for multiple testing in all analyses. A penalized
likelihood approach will be used to estimate the regression parameters and select the variables. Cytoscape
will be used to view the taxa-taxa association and taxa-covariates network and to compute the network
modularity. We will use generalized DM _models to model the temporal variation pattern of microbial
communities. This model accounts for the extra variation across subjects and within subjects, as well as
incorporating variable sequence depth per subject. We will assess whether the temporal variation patterns
are the same or different between groups based on Generalized Wald test statistics. DM analysis will also
be used to adjust for other patient covariates such as CRP, OGTT, survey data, and other covariates.

Figure 4.
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Power and sample size estimation. When designing an experiment, a power or sample size calculation is
done to estimate the number of samples needed to have a specified probability of correctly deciding on the
presence of the experimental effect being studied. If the probability is not acceptable, the investigator can
redesign the experiment by increasing the sample size. In Chen and Li (2013) and La Rosa et al. (2012a),
we derived strategies to perform power and sample size estimation to perform two- and several-group
comparison of microbiome samples based on their taxa abundance and ranked abundance distribution
profiles. Statistical methodology to perform power and sample size estimation for other possible effects of
interest such as comparison of diversity indices, taxa prevalence of single and several organisms across
groups, will also be developed.

Data Management and Data Sharing

Data capture methods will include paper copies (source documents for screening, survey data, and sample

collection and tracking) that will be kept at collaborating sites and processed on an ongoing basis and
databases that will be kept centrally. Those data, as well as clinical data (the CRP test done as part of the
ancillary study as well as data requested from the parent D2d study), will be entered into a 21 CFR Part 11-
compliant Internet data entry system (IDES) — a RedCap system based at the University of Kansas Medical
Center. This data system will include password protection and internal quality checks, such as automatic





range checks, to identify data that appear inconsistent, incomplete, or inaccurate. Only the sites collecting stool
samples and the coordinating center will have access to identifiable participant information. The central lab
(Vermont Laboratory for Clinical Biochemistry Research) and the genome center (Jackson Laboratory Center
for Genomic Medicine) will have stool/DNA samples identified only by the D2d study number. Genomic data
will be maintained in a separate, secure database at the Jackson Laboratory for Genomic Medicine with secure
data transfer for analysis purposes to the project’s biostatistician at Washington University of St.
Louis/Biorankings LLC.

Clinical, source-document, and genomic data will be shared with the parent D2d study according to its data-
sharing policy. The timeline for such integration of ancillary study data will be finalized during the planning
process and will be consistent with the NIH policy of data sharing. Ancillary studies investigators will not share
data that have been provided through their ancillary study with investigators not included in the ancillary study
application and will not use these data to conduct research that is not included in the original ancillary study
protocol and user agreement documents.

It should be noted that submission of genomic data for data sharing purposes is a complex process involving
1) submission of clinical metadata to dbGaP, 2) associating clinical data with sequence data from the same
sample, and 3) submission of the sequence data to the appropriate NCBI database when the association has
been made. Forthe Human Microbiome Project, this was also complicated by the NIH requirement that
samples received by the data generation group had to be coded and be two steps removed from the
association with clinical information. Thus the PI's group received coded samples from the clinician and
generated sequence data. The PI then linked sequences to the coded indices they had received, and the
clinical team constructed a table linking these indices to another set of indices. The clinical team deposited the
clinical metadata in dbGaP under another set of indices — and provided tables correlating the PI’s indices, local
indices, and dbGaP indices. When this was complete, the Pl deposited the sequence data in the SRA (with
human sequences removed) or in dbGaP (controlled access, with human sequences present). After
deposition, there was an additional lag while NCBI processed the data before making it public. This elaborate
process meant that there was considerable time between actual data production and its appearance in the
public domain. It does demonstrate, however, that the genome Pl (Weinstock) is prepared to follow elaborate
release protocols — and has been successful at doing so. The relevant parts of this process as they relate to
the ancillary study will be worked out at the appropriate time with the D2d Coordinating Center and the
NIH/NIDDK.

The primary sponsor for the D2d Study, NIDDK, has established a Central Repository for the eventual
archival and storage of data and bio-samples collected in large, multisite studies funded by NIDDK. The D2d
Coordinating Center works with the NIDDK Central Repository to coordinate procedures for coding, shipping,
processing, receipt, and storage of study samples that are to be maintained in the Repository. All data and
samples transferred to the Repository will be under the custodianship of the NIDDK. Transfer of ancillary study
data and/or remaining DNA samples to the NIDDK Repository will be subject to funding constraints and will be
considered at the appropriate time.

The D2d Steering Committee will have proprietary control of and exclusive access to the data and samples
for set periods of time after the completion of study milestones, consistent with the NIDDK Data Sharing
Policy.* After that period, data and samples will be shared with the wider scientific community in accordance
with the NIDDK Data Sharing Paolicy.

The ancillary study Pls are committed to communicate important study results not only to the scientific
community through published manuscripts and presentations at national meetings, but also to participants
through direct communication and to the lay public through appropriate venues (e.g., the D2d, Jackson
Laboratory, or KU Diabetes Center websites.

4 http://www2.niddk.nih.gov





Timeline

Timeframe Tasks
Year 1
Months 1-4 Development and testing of RedCap database; site training and procurement of IRB
approval
Months 5-12 Recruitment of subjects; collection of samples; planning for-initiating sequencing and
analysis
Year 2 Recruitment; Collection of samples; sequencing, and analysis (Aims 1 and 2)
Year 3 Collection of samples; sequencing, and analysis (Aims 1 and 2)
Year 4 Collection of samples; sequencing, and analysis (Aims 1 and 2)
Year 5 Sequencing; Analysis (Aim 3 after unblinding/overall)

Human Subjects

Human subjects protection will be described in a separate document as part of the R0O1 application to
NIDDK. Itis summarized in the ancillary studies application being submitted.







D2d Ancillary Study Specimen Request Form Db

Office Use
Ancillary Study Number  AS13-07 Date Submitted (MM/DD/YYYY) 01/06/2014
Title of Proposal The Vitamin D and Type 2 Diabetes Gut Microbiome (D2d-GM) Study

(81 character limit)

Principal Investigator George Weinstock and David Robbins (multiple PI submission)

Institutional Affiliation Jackson Laboratory for Genomic Medicine/University of Kansas Medical Center

1. Sample Specifications

Please select all that apply:

Age Range O All (30 years and older)
@® other, please specify: PLEASE SEE ATTACHMENT

Sex @Al
OFemale

O Male

Race @Al
OWhite
OBlack
O Asian

QO other, please specify:

Ethnicity @Al

QO Hispanic
O Non-Hispanic

Page 1 of 2
v. 2013.3





D2d Ancillary Study Specimen Request Form

2. Specimens Requested

D24

Please indicate treatment group and time-point (in months, starting with baseline) for each specimen type

requested. Specimens not collected at a particular time-point are indicated with a dash.

Please note:

Each vial of serum or plasma contains 0.5 mL

Each vial of whole blood contains 2 mL
Each vial of urine contains 1.5 mL

Specimen
Type

18

Placebo

24

30

36

42

48

12

Vitamin D

18

24

30

36

42

48

DNA - -

Whole Blood -

Serum

Plasma

Urine without
preservative

Urine with acid
preservative

Final steps to submission:

Save a copy of this form to your computer.
Attach to D2d Ancillary Study application and submit in a single email to: D2d@ TuftsMedicalCenter.org.

Page 2 of 2
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D2d-GM Specimen Request Supplement

TO: D2d Ancillary Studies Subcommittee
FROM: D2d-GM Investigators
RE: Use of D2d Specimens for C-Reactive Protein (CRP) test

We have discussed various alternatives for obtaining blood for the CRP test
planned for the ancillary study. These included using D2d samples for annual (only)
testing and requiring an additional blood draw or using the fluoride tube (testing
first for reliability of results) for testing every 6 months.

After discussing the alternatives with the coordinating center and the central
lab, we came to the conclusion that the best solution was to limit the CRP test to
annual visits and to use available D2d serum.

We are therefore asking for permission to use available D2d samples
(adequate for the additional test) drawn at annual visits for the CRP test. We also
ask permission to use the D2d baseline blood draw for a baseline CRP for D2d-GM
participants.





		Robbins D2das Specimen Request Form 01 06 14

		Robbins D2dAS Speciment Request Form

		RE_ Specimen Request for CRP test - D2d-GM Ancillary Study



		D2d-GM Specimen Request Supplement



		Ancillary Study Number: AS13-07

		Date Submitted: 01/06/2014

		Title of proposal: The Vitamin D and Type 2 Diabetes Gut Microbiome (D2d-GM) Study 

		Principal Investigator: George Weinstock and David Robbins (multiple PI submission)

		Institutional Affiliation: Jackson Laboratory for Genomic Medicine/University of Kansas Medical Center

		Age range: Choice2

		Other please specify: PLEASE SEE ATTACHMENT 

		Sex: All

		Race: All

		Other please specify_2: 

		Ethnicity: All

		Placebo DNA 0: Off

		VitD DNA 0: Off

		Placebo whole blood 0: Off

		Placebo whole blood 12: Off

		Placebo whole blood 24: Off

		Placebo whole blood 36: Off

		Placebo whole blood 48: Off

		VitD whole blood 0: Off

		VitD whole blood 12: Off

		VitD whole blood 24: Off

		VitD whole blood 36: Off

		VitD whole blood 48: Off

		Placebo serum 0: Off

		Placebo serum 6: Off

		Placebo serum 12: Off

		Placebo serum 24: Off

		Placebo serum 36: Off

		Placebo serum 48: Off

		VitD serum 0: Off

		VitD serum 6: Off

		VitD serum 12: Off

		VitD serum 24: Off

		VitD serum 36: Off

		VitD serum 48: Off

		Placebo plasma 0: Off

		Placebo plasma 6: Off

		Placebo plasma 12: Off

		Placebo plasma 24: Off

		Placebo plasma 36: Off

		Placebo plasma 48: Off

		VitD plasma 0: Off

		VitD plasma 6: Off

		VitD plasma 12: Off

		VitD plasma 24: Off

		VitD plasma 36: Off

		VitD plasma 48: Off

		Placebo urine w/o 0: Off

		Placebo urine w/o 12: Off

		Placebo urine w/o 24: Off

		Placebo urine w/o 36: Off

		Placebo urine w/o 48: Off

		VitD urine w/o 0: Off

		VitD urine w/o 12: Off

		VitD urine w/o 24: Off

		VitD urine w/o 36: Off

		VitD urine w/o 48: Off

		Placebo urine 0: Off

		Placebo urine 12: Off

		Placebo urine 24: Off

		Placebo urine 36: Off

		Placebo urine 48: Off

		VitD urine 0: Off

		VitD urine 12: Off

		VitD urine 24: Off

		VitD urine 36: Off

		VitD urine 48: Off






D2d Ancillary Study Data Request Form D&

Office Use

Ancillary Study Number  AS13-07 Date Submitted (MM/DD/YYYY) 01/06/2014
Title of Proposal The Vitamin D, Type 2 Diabetes, and Gut Microbiome (D2d-GM) Study

(81 character limit)

Principal Investigator George Weinstock, Jackson Lab; David Robbins, Kansas (multiple Pl submission
Institutional Affiliation Jackson Laboratory for Genomic Medicine, UConn Health Center; University of KS Medical Ctr.

1. Data Requested

Please indicate required time assessments for each outcome category requested.

End of study

Outcome Category Time Assessed

Base | MO3 | MO6 | M12 | M18 | M24 | M30 | M36 | M42 | M48 | Conf*

Medical History

Physical Examination

vital Signs X X XXX XX XXX

Waist Circumference - = = - - - - - - -

Non-Study Medication
Review
Food Frequency
Questionnaire
Physical Activity
Questionnaire

Study Pill Adherence

HbAlc, Fasting Plasma
Glucose
2-hour Plasma Glucose
(OGTT)
Plasma Glucose after 30 min
(OGTT)

25-hydroxyvitamin D

X X
X
X
X
X
X
X
X
X

X X

X X

X XX
X XX

X X
X XX
X XX
X XX
X XX

XX
XX
X X
X X
X X

Serum Insulin, fasting

Serum Insulin, after 30 min
(OGTT)
Urine Albumin-Creatinine
Ratio
Urine Calcium-Creatinine
Ratio
*Conf = a confirmatory visit to confirm the diagnosis of diabetes.

Page 1 of 2
v. 2013.3





D2d Ancillary Study Data Request Form

2. Comments

If necessary, please use the space below to provide additional comments.

Final steps to submission:
Save a copy of this form to your computer.
Attach to D2d Ancillary Study application and submit in a single email to: D2d@ TuftsMedicalCenter.org.

Page 2 of 2
v. 2013.3






		Ancillary Study Number: AS13-07

		Principal Investigator: George Weinstock, Jackson Lab; David Robbins, Kansas (multiple PI submission

		Institutional Affiliation: Jackson Laboratory for Genomic Medicine, UConn Health Center; University of KS Medical Ctr.

		If necessary please use the space below to provide additional comments: 

		Date Submitted: 01/06/2014

		Title of proposal: The Vitamin D, Type 2 Diabetes, and Gut Microbiome (D2d-GM) Study

		MedHis B: Off

		MedHis 3: Off

		MedHis 6: Off

		MedHis 12: Off

		MedHis M18: Off

		MedHis 24: Off

		MedHis 30: Off

		MedHis 36: Off

		MedHis 42: Off

		MedHis 48: Off

		MedHis Conf: Off

		Phys Base: Off

		Phys 3: Off

		Phys 6: Off

		Phys 12: Off

		Phys 18: Off

		Phys 24: Off

		Phys 30: Off

		Phys 36: Off

		Phys 42: Off

		Phys 48: Off

		Phys conf: Off

		Vital base: Yes

		Vital 3: Off

		Vital 6: Yes

		Vital 12: Yes

		Vital 18: Yes

		Vital 24: Yes

		Vital 30: Yes

		Vital 36: Yes

		Vital 42: Yes

		Vital 48: Yes

		Vital Conf: Yes

		Waist base: Off

		Rx base: Yes

		Rx 3: Yes

		Rx 6: Yes

		Rx 12: Yes

		Rx 18: Yes

		Rx 24: Yes

		Rx 30: Yes

		Rx 36: Yes

		Rx 42: Yes

		Rx 48: Yes

		Rx Conf: Yes

		FFQ base: Yes

		FFQ 48: Yes

		FFQ conf: Yes

		PA base: Off

		PA 12: Off

		PA 24: Off

		PA 36: Off

		PA 48: Off

		Ad base: Yes

		Ad 6: Yes

		Ad 12: Yes

		Ad 18: Yes

		Ad 24: Yes

		Ad 30: Yes

		Ad 36: Yes

		Ad 42: Yes

		Ad 48: Yes

		Ad conf: Yes

		Gluc base: Yes

		Gluc 6: Yes

		Gluc 12: Yes

		Gluc 18: Yes

		Gluc 24: Yes

		Gluc 30: Yes

		Gluc 36: Yes

		Gluc 42: Yes

		Gluc 48: Yes

		Gluc conf: Yes

		2h OGTT base: Yes

		2h OGTT 12: Yes

		2h OGTT 24: Yes

		2h OGTT 36: Yes

		2h OGTT 48: Yes

		2h OGTT conf: Yes

		d base: Yes

		d 12: Yes

		d 24: Yes

		d 36: Yes

		d 48: Yes

		30m OGTT gluc 12: Off

		30m OGTT gluc base: Off

		30m OGTT gluc 24: Off

		30m OGTT gluc 36: Off

		30m OGTT gluc 48: Off

		insul base: Yes

		insul 12: Yes

		insul 24: Yes

		insul 36: Yes

		insul 48: Yes

		30m OGTT insul base: Off

		30m OGTT insul 12: Off

		30m OGTT insul 24: Off

		30m OGTT insul 36: Off

		30m OGTT insul 48: Off

		u alb base: Off

		u alb 12: Off

		u alb 24: Off

		u alb 36: Off

		u alb 48: Off

		u calc base: Off

		u calc 12: Off

		u calc 24: Off

		u calc 36: Off

		u calc 48: Off






BIOGRAPHICAL SKETCH

NAME

Robbins, David Carl

POSITION TITLE
Professor

eRA COMMONS USER NAME
DAVIDROBBINS

EDUCATION/TRAINING (Begin with baccalaureate or other initial professional education, such as nursing, and include postdoctoral training.)

INSTITUTION AND LOCATION (l.fZEGREE YEAR(s) FIELD OF STUDY
pplicable)
Washington University, St. Louis, MO AB 06/70 | Botany
University of lllinois, Chicago, IL MD 06/74 | Medicine
\I\;I:ﬁnl]c;ar:tCenter Hospital of Vermont, University of Intern 07/75 | Straight Medical Internship
Medical Center Hospital of Vermont, University of Resident 07/76 | Medical Residency
Vermont
University of Vermont Fellowship | 07/80 | Endocrinology and Metabolism
University of Chicago Fellowship | 07/82 | Diabetes/Biochemistry

A. Personal Statement

| am deeply committed to the D2d study. It is an efficient vehicle to address issues relevant to the treatment,
prevention and detection of diabetes. The KU Diabetes Institute is one of 20 D2d sites. As of January 1, we
account for more than 30% of the enrolled patients and lead all of the sites in screening activity. | am member
of the Executive Committee of D2d and participate in all the high-level decisions regarding the study. | have a
long track record of successful enroliment in multiple large studies and have delivered full enrollment and
quality science in several large NIH (Strong Heart, GENNID, GOCODAN, IRAS, OSCAR) and industry-
supported clinical trials. This proposal offers a unique opportunity to rigorously address the role of the
microbiome in promoting diabetes. The potential pathways for translating the results of this ancillary study into
clinical therapies are clear and exciting. This study will be my primary administrative focus in coming years.

B. Positions and Honors

Professional Experience

1979-1980

1979-1980
1979-1980

1980-1985
1980-1991
1983-1984

1985-1991
1988-1991
1988-1991

1991-2002

1991-2003
1993-1998
1991-2003
1997-2000

Instructor in Medicine, Department of Medicine, Section of Endocrinology, the University of
Chicago

Attending physician, University of Chicago Hospitals and Clinics

Director, Diabetes Model unit, Diabetes Research and Training Center at the University of
Chicago

Assistant Professor, Department of Medicine, Metabolic Unit, University of Vermont
Attending Physician, Medical Center Hospital of Vermont

Acting Unit Director, Endocrinology and Metabolism, Department of Medicine, University of
Vermont

Associate Professor (tenured). Department of Medicine, University of Vermont
Editor-in-Chief, Diabetes Care

Section Head, Endocrinology, Metabolism & Nutrition, Department of Medicine, University of
Vermont

Director of Research (Atherosclerosis, Nutrition and Diabetes), MedStar Research Institute,
Washington, DC

Professor of Medicine, George Washington University School of Medicine, Washington, D.C.
Associate Editor, Endocrinology and Metabolism

Attending physician and senior investigator; MedStar Clinical Research Center

Medical Director, Alliance Research Consortium, Alliance of Independent Academic Medical
Centers, Chicago, IL





2000-2002  Associate Director Medical Affairs, Washington Hospital Center, Chief of Clinical Informatics

2002-2003 Medical Fellow, Eli Lilly and Co., Diabetes Product Team, Global Division, Indianapolis, IN

2003-2006 Medical Director, Endocrine Program Phase, Eli Lilly and Co., Indianapolis, IN

2006-Present Professor of Medicine and Director, Cray Diabetes Self-Management Center, KU Diabetes
Institute and Midwest Diabetes Coalition, University of Kansas Medical Center, Kansas City, KS

Honors, Awards, and Memberships

1970 A.B. cum laude, Botany, Washington University

1974 Diplomate, National Board of Medical Examiners

1978 Diplomate, American Board of Internal Medicine

1980 Diplomate, American Board of Internal Medicine; Board Certified Endocrinology and Metabolism
1984 Volunteer of the Year. Vermont Affiliate, American Diabetes Association

1988 University of Vermont, Faculty Development Award

1988-89 PEW Charitable Trust, Research Fellow in Nutrition, Faculty Sabbatical Leave

1992-1997  American Diabetes Association NIDDM Gene Project (GENNID). Director Central Laboratory
and member of the Steering Committee;

2008 Rainbow Award for Teaching Excellence, University of Kansas School of Medicine

2008-Present Member, Steering Committee, Kansas Diabetes Action Council

2010-Present Member, Regional ADA Board

2009-Present Board Member, JayDoc Free Clinic

2010-Present Member, NIH SBIR Study Section

2011-Present Chair, national Publications Committee, American Diabetes Association

2011-Present Member, NIH ad hoc Genetics and GRADE Study Sections

C. Selected peer-reviewed publications (from a list of over 197, including abstracts, editorials and book
chapters)

Robbins DC, Blix PM, Rubenstein AH, Kanazawa Y, Kosaka K, Tager HS. (1981) A human proinsulin variant
at arginine 65. Nature 291:679-681.

Bogardus C, Ravussin E, Robbins DC, et al. (1984) Physical training and diet therapy compared to diet
therapy alone: Effects on body composition, carbohydrate tolerance, insulin secretion and insulin
action in overweight, glucose intolerant humans. Diabetes 33:311-318.

ADA Insulin Assay Standardization Task Force (Robbins DC, Chair). (1996) Report of the American Diabetes
Association Task Force on Standardization of the Insulin Assay: Insulin Assay Proficiency and
Comparability. Diabetes 45:242-56.

Lee ET, Howard BV, Go O, Savage PJ, Fabsitz RR, Robbins DC, Welty TK. (2000) Prevalence of
undiagnosed diabetes in three American Indian populations. A comparison of the 1997 American
Diabetes Association diagnostic criteria and the 1985 World Health Organization diagnostic criteria: the
Strong Heart Study. Diabetes Care. 23(2):181-6

Welty TK, Rhoades DA, Yeh F, Lee ET, Cowan LD, Fabsitz RR, Robbins DC, Devereux RB, Henderson JA,
Howard BV. (2002) Changes in cardiovascular disease risk factors among American Indians. The
Strong Heart Study. Ann Epidemiol. 12(2):97-106.

Liu JE, Robbins DC, Palmieri V, Bella JN, Roman MJ, Fabsitz R, Howard BV, Welty TK, Lee ET, Devereux
RB. (2003) Association of albuminuria with systolic and diastolic left ventricular dysfunction in type 2
diabetes: the Strong Heart Study. J Am Coll Cardiol. 41(11):2022-8.

Lu WQ, Resnick HE, Jablonski KA, Jain AK, Robbins DC, Howard BV. (2004) Effects of glycemic control on
cardiovascular disease in diabetic American Indians: the Strong Heart Study. Diabetic Medicine,
21:311-317.

Nobmann ED, Ponce R, Mattil C, Devereux R, Dyke B, Ebbesson SOE, Laston S, MacCluer J, Robbins DC,
Romenesko T, Ruotolo G, Wenger CR, Howard BV. (2005) Dietary Intakes Vary with Age among
Eskimo Adults of Northwest Alaska in the GOCADAN Study, 2000-2003. J. Nutr. 135:856-862.

Ebbesson SO, Ebbesson LO, Swenson M, Kennish JM, Robbins DC. (2005) A successful diabetes
prevention study in Eskimos: the Alaska Siberia project. Int J Circumpolar Health. 64(4):409-24.





Milicevic Z, Raz |, Strojek K, Skrha J, Tan MH, Wyatt JW, Beattie SD, Robbins DC. (2005) Hyperglycemia
and its effect on acute myocardial infarction on cardiovascular outcomes in patients with Type 2
diabetes mellitus. (HEART2D) Study design. Diabetes Complications 19:80-87

Ebbesson SO, Ebbesson LO, Swenson M, Kennish JM, Robbins DC. (2005) A successful diabetes prevention
study in Eskimos: the Alaska Siberia project. Int J Circumpolar Health. 64(4):409-24.

Ebbesson SOE, Laston S, Wenger CR, Dyke B, Romenesko T, Swenson M, Fabsitz RR, MacCluer JW,
Devereux R, Roman M, Robbins DC, Howard BV (2006). Recruitment and community interactions in
the GOCADAN study. Int J Circumpolar Health 65(1):55-64.

Robbins DC, Paul J Beisswenger PJ, Ceriello A, Goldberg RB, Moses RG, Pagkalos EM, Milicevic Z, Jones
CA, Sarwat S, and Tan MH (2007). Mealtime 50/50 basal + prandial insulin analogue mixture with a
basal insulin analogue, both plus metformin, in the achievement of target HbA1c and pre- and
postprandial blood glucose levels in patients with type 2 diabetes: a multinational, 24-week,
randomized, open-label, parallel-group comparison. Clin Ther. 29(11):2349-64.

Hasstedt SJ, Hanis CL, Robbins DC et al. (GENNID Study Group) (2010). Univariate and bivariate linkage
analysis identifies pleiotropic loci underlying lipid levels and type 2 diabetes risk. Ann Hum Genet.
Jul;74(4):308-15. PMC2917829

Beisswenger PJ, Brown WV, Robbins DC et al. (2011). Meal-induced increases in C-reactive protein,
interleukin-6 and tumour necrosis factor a are attenuated by prandial + basal insulin in patients with
Type 2 diabetes. Diabet Med. Sep;28(9):1088-95. doi: 10.1111/j.1464-5491.2011.03324 .x.
PMC3178784

D. Research Support

Ongoing Research

5R34DK089444-NCE Robbins DC (PI) 08/01/2011-07/31/2014
NIDDK

Internet Initiation of Insulin for Type 2 Diabetes in Kansas: the I-KAN Study

The goals of this study are to test in a limited number of rural and semi-rural sites in the state of Kansas an
innovative model of synchronous (“live”) Internet initiation and intensification of once-daily basal insulin
glargine in type 2 diabetic patients that can be deployed statewide in a subsequent larger study (R18). It
deploys a synchronous (“live”) interactive Internet-administered course designed to teach groups of type 2
diabetic patients to safely administer basal insulin without significant support from their usual source of diabetic
management and to self-adjust the dose to achieve a HbA1c < 7.0% using a treat-to-target algorithm.

Tufts University Medical Center (Subcontract) Robbins DC (Site PI) 06/01/2013-05-31-2018
NIDDK U01DK908245

The Vitamin D and Type 2 Diabetes (D2d) Study

The goal of this randomized, double-masked, placebo-controlled, primary prevention clinical trial involving 20
sites and 2,482 subjects is to assess whether, in participants with pre-diabetes, oral daily vitamin Dj
supplementation reduces the rate of progression from pre-diabetes to clinical diabetes.

Completed Research

NA Robbins (PI) 09/01/2009-08/31/2012
Private Funding (Philanthropy)

A Transition Clinic for Young Adults and Adolescents with Diabetes Mellitus

Pilot clinic to provide developmentally tailored care by a team (pediatric and adult endocrinologists, health
psychologist, social worker, etc.) for adolescents and young adults as they transition from pediatric to adult
care. Test of social networking as a mechanism of support.

NA Robbins (PI) 07/01/2011-06/30/2012
The University of Kansas-Lawrence Research Grant
Genetics of Latent Autoimmune Diabetes of Adulthood (LADA)





The goals of this study are to obtain pilot data for a comprehensive genetic study of LADA. It tests 100 type 2
diabetes patients from the Cray Diabetes Center (KU Hospital) for anti-GADgs antibodies, screens for a variety
of environmental covariates that may influence susceptibility to LADA, extracts DNA from the 100 samples,
and scans for 50 SNPs representing approximately 5 candidate susceptibility genes identified from recent
GWA and other genetic studies.

R21 DK081079 Choi Y (PI) 04/01/2008-03/31/2012
NIH

Quantitative in vivo biomarkers of oxidative stress in diabetes

The goals of this study are to develop and characterize direct, objective in vivo biomarkers of oxidative stress
occurring in diabetes mellitus.

Role: Clinical co-investigator.

NA Robbins (PI) 01/01/2008-06/30/2010
Diabetes Freedom Foundation

Innovative Delivery of Diabetes Healthcare in a Rural Environment

Pilot study of delivery of group diet self-management education (“Healthy” Eating”) in three modules over the
Internet in a synchronous (“live”) virtual classroom environment embedded in an asynchronous (“on demand”)
resource-rich learning community and comparison to traditional classroom group education.






BIOGRAPHICAL SKETCH

NAME POSITION TITLE
William Douglas Shannon

Professor of Biostatistics in Medicine

cRA COMMONS USER NAME President of BioRankings LLC
CANADA
EDUCATION/TRAINING
DEGREE
INSTITUTION AND LOCATION (if MM/YY FIELD OF STUDY
applicable)
Union College, Schenectady, NY B.S. 1985 Biology
University of Massachusetts, Amherst, MA M.S. 1989 Zoology
University of Pittsburgh, Pittsburgh, PA Ph.D. 1995 Biostatistics
Washington Univ. Olin Business School, St MBA 2012 Business
Louis

A. Personal Statement

As a biostatistician whose initial training was in the field of zoology, | use rigorous statistical
mathematical analysis of biological data to help researchers extract useful information from their
experiments. As Director of the Dept. of Medicine’s Biostatistical Consulting Center, | supervise 9 MS and
PhD level staff members on statistical methods research and who provide statistical consulting support to
investigators from many areas of medicine (e.g., pediatrics, oncology, pulmonology, infectious disease,
neurology, and cardiology) and basic science (e.g., genetics, immunology, pathology). | am ideally suited
for providing the leadership in science, management and quantitative/computational biology needed for this
project. My main focus of research is the analysis of “Big Data” in biomedicine using clustering and
classification methods. This research has resulted in new methods for metagenomic (microbiome) data
experimental design and data analysis, actigraphy and electronic fetal heart rate monitoring using
functional data analysis methods, and graph models methods development for translational research
of fMRI brain imaging and metagenomic data.

B. Positions and Honors

1989-1994 Graduate Student Researcher, Dept. of Biostatistics, Univ. of Pittsburgh, Pittsburgh,
PA 1994-1995 Post-Doctoral Researcher, Dept. of Human Genetics, Univ. of Pittsburgh,
Pittsburgh, PA

1995-2004 Assistant Professor of Biostatistics in Medicine, Division of General Medical
Sciences, Washington University School of Medicine, St. Louis, MO

1999-present Director of the Department of Medicine Biostatistics Consulting Center, Washington
University School of Medicine, St. Louis, MO

2004-present Professor of Biostatistics in Medicine, Division of General Medical Sciences, and Professor
of Biostatistics, Division of Biostatistics, Washington University School of Medicine, St. Louis,
MO

2005-present Founder and President of BioRankings LLC
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D. Research Support
ONGOING

1 RC4 LM010958-01 (Shannon) 09/01/10 — 08/31/13
Recovery Act Submission — US/NIH
New Observational Data Analysis Methods for Comparative Effectiveness Research

The goal of this project is to develop and validate novel mathematical methods from operations research
and voting theory to perform more accurate comparisons of outcomes and performance among health care
interventions and providers. The importance of this project is that if successful, there will be new data
analysis tools for directing patients to the best treatment and providers for their care based on their level
of disease severity and other patient characteristics, and for directing health care dollars to the most
cost effective options.

1R01HL092347-01A1 Shannon (PI) 12/01/08 —
11/30/11 NHLBI

New Data Analysis for Actigraphy in Sleep Medicine

The purpose of this study is to develop statistical and informatics tools for analyzing and visualizing actigraphy
data linked to fatigue in sleep medicine center patients.

Role: PI

1 R21CA141523-01 DiPersio (PI) 07/01/09 -
06/30/11 NIH

Optimizing Allogenic Transplantation Using CXCR2 Blockade

The major goal of this clinical trial is to determine whether an AMD3100-mobilized allograft is comparable or
superior to a G-CSF-mobilized allograft with equal or less toxicity to the donor.

Role: Statistician

1 UH2 Al083265-01 Tarr (PI) 06/11/09 —
05/31/13 NIH

The Neonatal Microbiome and Necrotizing Enterocolitis

Major Goals: Necrotizing enterocolitis (NEC) is a devastating disorder that affects approximately 10%
of premature infants. In this project, we will identify and quantify the microbial components of stool and
its products before and at the onset of NEC. In doing so, we will test the overarching hypothesis that NEC
is a direct or indirect consequence of the enteric biomass, its products, or both.

Role: Co-Investigator

1UH 2A1083266-01 Storch (PI) 05/08/09 —
04/30/11 NIH

The Human Virome in Children and its Relationship to Febrile lliness

The major goals of the project are to determine microbiologic correlates of neonatal necrotizing.
Role: Co-Investigator

Interdisciplinary Research Initiative Warner (Pl) 02/01/09 —
01/31/12 CDI

The St. Louis Gut Neonatal Microbiome Initiative

This interdisciplinary project will produce disciplined, defensible, generalizeable protocols to measure
the content and bioactivity of the intestinal microbiota. St. Louis children will provide us with an opportunity to






bring new metagenomic methods to the clinical arena by asking a fundamental question in human biology:
to what extent do host genetics versus environmental exposures shape our individual physiologic
phenotypes?

Role: Co-Investigator

1P01 CA101937-06 Ley (PI) 04/01/08 — 03/31/13
NIH/NCI

Genomics of Acute Myelogenous Leukemia

The major goal of this project is to define the genetic changes associated with acute myeloid leukemia
susceptibility, initiation, progression, relapse, and resistance.

Role: Statistician
NIH

Influence of the Enteric Microbiome on the Genesis of Bronchopulmonary Dysplasia

The goal is to identify the association between specific bacterial genes in the gastrointestinal tract and the
development of chronic lung disease in premature newborns.

1RO1 CA152329-01A1 DiPersio (PI) 01/11/11 — 02/29/16
NIH — NCI

Targeting AML-Stromal Interactions

We propose to target the CXCR4-SDF-1 axis using a small molecule bicyclam, AMD3100 in conjunction
with Granulocyte Colony Stimulating Factor (G-CSF), to promote rapid and sustained release of AML
blasts from the BM microenvironment in patients with relapsed AML

1R01DE021544 Eng (PI) 09/13/10 -
08/31/12 NIH — NIDCR

Metagenomic profiling of oral polymicrobial flora in head and neck cancers

Dr. Shannon and statisticians in the Washington University Department of Medicine's Biostatistical
Consulting Center will be responsible for all data analyses related to microbiome data generated in this
study. This will include validating and optimizing pipelines for aligning and classifying sequences to
maximize the number of sequences correctly classified; identify and apply existing statistical methods to
assess their suitability and accuracy for an microbiome data analysis including categorical data analysis
methods for statistical hypothesis testing (e.g., Chi-square testing, log-linear models, Poisson regression),
clustering and visualization tools for identifying microbiome population distributions (e.g., correspondence
analysis), and variable selection for reducing the complexity of microbiome data (e.g., GA-Mantel). This
group will develop and apply methods for correlating microbiome data with clinical and epigenetic data.

COMPLETED

Shannon (PI) 01/01/02 — 12/31/02

Barnes-Jewish Hospital Foundation
Statistical Methods in Gene Chip Analysis
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NAME POSITION TITLE
Weinstock, George M Professor
eRA COMMONS USER NAME (credential, e.g., agency login)

GWSTOCK

EDUCATION/TRAINING (Begin with baccalaureate or other initial professional education, such as nursing, include postdoctoral training and
residency training if applicable.)

INSTITUTION AND LOCATION _DEGREE MM/YY FIELD OF STUDY
(if applicable)
University of Michigan, Ann Arbor, Ml B.S. 06/70 Biophysics
Stanford University Medical School, Palo Alto, CA | Postdoc 08/80 Biochemistry
Massachusetts Institute of Technology, . .
Cambridge, MA Ph.D. 06/77 Microbiology

A. Personal Statement

Dr. Weinstock has worked in genomics for over 40 years. He has led genome projects of human, microbes,
and other organisms, and was a principal in the NIH Human Genome Project and Human Microbiome Project.
He has been a Director of the genome centers at Baylor College of Medicine and Washington University, and a
member of numerous advisory boards to genome centers and projects. He has dealt with new and evolving
issues in DNA sequencing technology and management and analysis of ever-increasingly large datasets and
also been an innovator in methods for microbial genetics, application of DNA sequencing in genomics,
software for genome analysis, as well as clinical and veterinary applications of genomics. His broad knowledge
of genetics, genomics, microbiology, infectious diseases, biology, bioinformatics, genomic analysis, and
evolution will be invaluable to the project.

B. Positions and Honors

1980-1984 Staff Scientist, Senior Scientist and Head of DNA Metabolism Section (1983), Laboratory of
Genetics and Recombinant DNA, NCI-Frederick Can.Res.Fac., Frederick, MD

1984-2001 Associate Professor (1984); w/tenure (1985); Professor (1990), Dept. Bioch Mol Biol. UT-H

HSC
1990-2001 Professor, Deptartment of Microbiology and Molecular Genetics, Medical School, UT-H HSC
1994 Fellow, American Academy of Microbiology

1995-2001 Co-Director, Center for the Study of Emerging and Re-emerging Pathogens, UT-H HSC

1998-2008 Co-Director, Human Genome Sequencing Center, Baylor College of Medicine

1999-2008 Adjunct Professor, Professor (2001), Dept. Hum & Molec Gen, Baylor College of Medicine

1999-2008 Adjunct Professor, Department of Health Informatics, UT-H HSC School of Allied Health
Science

2001-2008 Professor, Department of Molecular Virology and Microbiology, BCM

2008-Present Professor, Department of Genetics, Washington University School of Medicine

2008-Present Associate Director, The Genome Institute at Washington University School of Medicine

2008-Present Professor, Molecular Microbiology, Washington University School of Medicine

2009 Fellow, American Association for the Advancement of Science (AAAS)

2013-Present Professor and Associate Director for Microbial Genomics, The Jackson Laboratory for
Genomic Medicine, Farmington, CT

Awards and Honors

2007 University of Texas Chancellor's Entrepreneurship and Innovation Award

Professional Experience

1986-1990 Instructor, Advanced Bacterial Genetics Course, Cold Spring Harbor Lab, NY





1990-1993
1992-1993
1993-2002
1994-1996
1999-2004
2000-2006
2000-2008
2002-2006
2003-2007
2003-2007
2005-2008
2007-2009
2008-Present
2008-Present
2008-Present
2009-Present
2009-Present
2009-Present
2010
2010-Present
2010-Present
2011
2011-Present
2012-Present
2012-Present
2013-Present
2013-Present

Instructor, Bact. Gen. and Pathog., Intl Cen. for Gen. Eng. Biotech., Trieste, Italy

Grant Panel Review Manger, USDA, Program on Mech. of Animal Disease, Microbiol.
Vice Chairman, Chairman (1996), Conferences Comm., American Society for Microbiology
Vice President, President (1995), Graduate School of Biomedical Sciences, UT-H HSC
Co-Pl and member of Executive Committee, Keck Center for Computational Biology
Advisory Committee, Biosciences Division, Los Alamos National Laboratory

DOE - Joint Genome Institute, Scientific Advisory Committee (Chair, 2000-2002)

Member, Pathogen Sequencing Advisory Group, Wellcome Trust Sanger Institute
NHGRI-NIH Council

NHGRI/NIH ENCODE Scientific Advisory Panel (Chair)

Maize Genome Project External Advisory Committee

Scientific Advisory Board, Center for Cancer Systems Biology, Dana-Farber Cancer Institute
International Human Microbiome Consortium, Steering Committee (Co-chair, 2010)
Steering Committee, Midwest Reg. Cen. Excellence for Biodefense and Emerging Inf. Dis.
Scientific Advisory Board, Metagenomics of the Human Intestinal Tract Consortium

Board of Trustees, Molecular Sciences Institute (Berkeley)

Scientific Advisory Board, Wellcome Trust Sanger Institute

Advisory Board, Center for Molecular Epidemiology (Copenhagen)

Blue Ribbon Panel on Genomics Research (NIAID, DMID)

Board of Directors, Genome Canada

Scientific Advisory Board, Michael Smith Genome Sciences Centre (Vancouver)

White House briefing on Microbial Forensics

Sci. Adv. Board, Program for Health, Philippine Genome Center, Univ. of the Philippines
Genome Canada Disruptive Technology Task Force

Sci. Adv. Board. EU METACARDIS project (Chair)

Inspiration Mars Personalized Medicine Team

Advisory Panel, Vervet Research Colony, Wake Forest Univ. Primate Center
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D. Research Support

Ongoing Research Support

5 R01 DK088831-02 Salzman (PI) 9/15/12 - 8/31/17
NIH/NIDDK

Intestinal Bacterial Metagenome in Pediatric NAFLD

The major goal of this project is to describe the microbiome in children with non-alcoholic fatty liver disease
and seek correlations with clinical metadata.

Role: Consortium PI

5U54HG004968 (Weinstock) 05/22/2009-04/30/2014
NIH-NHGRI

Sequencing the Human Microbiome

The NIH Roadmap Human Microbiome Project.

5R21HL109955 (Rowley) 0701/2011-05/31/2014
NIH-NIAID

Deep Sequencing of Kawasaki Disease Tissues

This project seeks to identify the microbial agent responsible for Kawasaki Disease.

5UH3AI094641 (Fortenberry) 09/01/2010-08/31/2013
NIH-NIDDK

Urethral microbiome of adolescent males

Describing the normal microbiome of adolescent males, changes in puberty and STls.

5UH3AI083265 (Tarr) 06/11/2009-08/31/2013
NIH-NIAID

The Neonatal Microbiome in Development and Disease

This project will be focused on the enteric biomass and the relation to necrotizing enterocolitis.

5U01HL098960 (Twigg/Weinstock) 09/23/2009-07/31/2014
NIH-NHLBI

Lung Microbiome and Pulmonary Inflammation/Immunity in HIV Infection

Analysis of the respiratory tract microbiome in patients with HIV infection.

OPP1024654 (Weinstock) 10/20/2011-06/30/2014
Bill and Melinda Gates Foundation

Vaccination and the Pediatric Microbiome

This project assesses the impact of vaccination on the nasal Microbiome

5U54HG003079 (Wilson) 11/10/2003-10/31/2015
NIH-NHGRI

A Platform for Large-Scale Genomic Discovery

Support for The Genome Institute at Washington University.

1R01HL116221 (Davis/Ferkol/Ranganathan) 09/26/2012-06/30/2016
NIH-NHLBI

Viral Pathogenesis of Early Cystic Fibrosis Lung Disease

Analysis of the lung microbiome in infants with CF.





5R01AI097213 (Storch) 02/15/2012-01/31/2017
NIH-NIAID
Defining the Human Virome in Immunocompromised Children

Investigate the effect of various forms of immunocompromise on the spectrum of viruses detected in children.

Completed Research Support

UH2DK083994 (Li) 06/24/2009-07/30/2010
NIH-NIDDK

Effect of Crohn’s disease risk alleles on enteric flora

Effect of Crohn’s disease risk alleles on ileal mucosal associated bacteria in patients.

EF0626927 (Weinstock) 09/01/2008-08/31/2010
NSF

Complete Genome Seq. of the Chromatically Adapting Cyanobacterium Fremyella diplosiphon
Draft sequence of the genome of the fresh-water cyanobacterium Fremyella diplosiphon UTEX 481.

P00810442 (Worden) 12/01/2007-09/30/2010
Gordon and Betty Moore Foundation

Frontiers in metagenomics, transcriptions and ocean ecology

Sequencing and analysis of ocean metagenomic samples

EF0626896 (Weinstock) 09/01/2008-09/30/2010
NSF

Complete Genome Seq. of Four Nitrogen-Fixing, plant-associated Burkholderias

Draft sequences of four plant-associated Burkholderia species.

5R01AI5223706 (Weinstock) 09/01/2002-08/31/2012
NIH-NIAID

Comparative Genomics in the Enterobacteriacae

This project aims to sequence various Salmonella genomes to increase understanding of these and other
related pathogens by defining their differences and similarities in gene content.

RC2HG005680 (Weinstock) 09/30/2009-09/29/2012
NIH-NHGRI

Genetics of MRSA Infection

Host genotype effects on the outcomes from MRSA infection.
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	Title of proposal: The Vitamin D, Type 2 Diabetes, and Gut Microbiome (D2d-GM) Study 
	Ancillary Studies Subcommittee Action: [Approve]
	Steering Committee Action: [Approve]
	DSMB Action: [Please Select]
	Consent form required: [Yes]
	Research approach: The proposed study is observational and will enroll participants from the D2d study population (hence D2d inclusion/exclusion criteria apply).  Additional exclusion criteria are major changes in diet within last 30 days (e.g.,  a paleo diet or one that might be considered “extreme” by usual standards; fasting); large doses of commercial probiotics (greater than or equal to 10 to the 8th power cfu or organisms per day) within the last six months (ordinary dietary components such as fermented beverages, milks, yogurts do not apply); frequent or chronic constipation that requires regular laxative use; HIV (D2d excludes only AIDS); autoimmune disease (e.g., autoimmune hepatitis, ulcerative colitis, lupus); Irritable Bowel Syndrome (IBS) or Irritable Bowel Disease (IBD); persistent, infectious gastroenteritis, colitis or gastritis; major gastric surgery not identified in D2d exclusion criteria (colectomy, colostomy, ileostomy, etc.); gastric banding (now allowed in D2d); systemic antibiotic use within the last 3 months (oral, intravenous, or intramuscular); persistent diarrhea in the last 2 weeks or chronic diarrhea; Clostridium difficile infection (recurrent) or Helicobacter pylori infection (untreated). Sample collection will coincide with regularly scheduled D2d visits (randomization, semi-annual, annual, end-of -study, and – if prior sample was not recent – confirmatory).  A brief survey will be administered at each sample collection to document potential confounding factors such as changes in diet, bowel habits, or medical issues/procedures that might impact microbiome composition, e.g., antibiotic use. We will also have the serum C-reactive protein (CRP) test done at each annual sample collection; an additional blood draw will not be required (see Specimen Request Form and attachment). A draft version of procedures and surveys is presented in Appendix A.
	Research approach 2: Although all samples will undergo 16S rRNA sequencing in order to attain maximum potential usefulness of the data generated by the ancillary study, we will limit our formal analysis to performance of a nested case-control study within a prospective cohort of subjects enrolled in the D2d Study. Cases will be defined as subjects who convert to diabetes compared to treatment group (blinded), age-, gender-, and BMI-matched controls who do not convert within the same amount of time on study. The unbiased collection of stool samples within a prospective cohort followed by a nested case-control study will permit the more expensive GWS sequencing of only stools from cases and controls, as defined by this study, while minimizing the selection bias traditionally associated with case-control study design (Ernster, 1994). As this is an observational study, patients will follow the D2d Study protocol.
   Sample size: The Dirichlet-Multinomial model of metagenomic data is used for determining the sample size to test Aims 1 (difference in baseline microbiome between converters and non-converters) and 2 (difference in change in microbiome between converters and non-converters). Aim 3 (longitudinal changes) is exploratory, and no methods exist yet for power/sample size calculations. Sample sizes for Aims 1 and 2 were calculated using the HMP R software package developed in Dr. Shannon’s lab (La Rosa et al., 2014; 2012a; 2012c).
   We used published data on diabetic stool microbiome to calculate power/sample size (Larsen et al., 2010).  Table 1 (Appendix B)  shows the percentages of the microbial classes in 18 diabetics and normal controls. Data were not available to estimate the overdispersion parameter of the Dirichlet-Multinomial distribution;  hence we calculated the sample size across a range of overdispersion from low to high variability. Sample size was calculated setting alpha = 0.01, sample sizes from 5 to 50, and 10,000 Monte Carlo simulations. The power curves  (Figure 2, Appendix B) show that we can detect a difference in Table 1 percentages with large variability (lowest two lines) using 35-40 subjects per arm with 80% power. Since the true variability (i.e., overdispersion in the Dirichlet-Multinomial) and percentages of taxa at the genus level are unknown, we cannot be more precise than this. In our experience, overdispersion has generally been low or moderate.  We believe that 35 samples per arm will provide more than enough power for this exploratory study. Given projections used in the D2d parent study for conversion rates (10% per annum with no intervention; a ~25% reduction in the Vitamin D arm  (e.g., Forouhi et al., 2012; Gerstein et al., 2006; Knowler et al., 2002), we have estimated 57 conversions over the course of the average 3.5-year follow-up period. Thus even with a non-compliance rate of 20% (the maximum allowed), we anticipate more than enough cases to power the study.
Outcome Measures: The primary outcome will be the difference in composition of gut microbiota between those who convert to diabetes and those who do not and between Vitamin D and placebo subgroups of converters and non-converters. A secondary outcome will be microbial markers that predict conversion. An exploratory outcome will be changes in levels of serum CRP (measured annually) from baseline to conversion and/or end of study.
Because of the complexity of the data and the broad range of clinical questions to be addressed, the need for a dedicated analysis core is justified. To explore patterns in the samples we will use both clustering methods and multivariate ordination (e.g., multidimensional scaling (Borg and Groenen, 2005) and principle coordinate analysis (PCoA) (Gower, 2005)). We will use hierarchical and PAM clustering with Bray-Curtis dissimilarity measure (Berkhin, 2006), Unifrac distance (Lozupone and Knight, 2005) and Jensen-Shannon distance (Lin, 1991) to explore the sample cluster pattern and specific microbial community structures along different clinical covariates.  Ordination methods will facilitate pattern analysis by reducing the high dimensional data to 2 or 3 dimensions for visualization and cluster identification. We will apply the silhouette value approach (Rousseeuw, 1987) and cluster prediction strength [(Tibshirani and Walter, 2005) to determine the optimal number of clusters within a set of samples. To evaluate the conservation of the community structure of the total population in case or control groups, we will compute the membership core defined as the taxa shared by a given percentage of subjects using a novel statistical statistical approach, the maximum likelihood statistical estimation (MLE) method developed in the Genome Institute at Washington University (La Rosa et al., 2012b). A variety of further analytical methods are outlined in the attached draft Research Strategy. Appendix C provides a paper in press by study co-investigators, who have been pioneers in the development of new microbiome methodologies.


	New Data Acquisition, if applicable: The proposed ancillary study asks subjects enrolled in the D2d Study to provide a home-collected stool sample at or around (within 14 days on either side of) a D2d randomization, semi-annual, annual, and end-of-study visit .  A sample may also be required at confirmatory visit if, for example, the subject was diagnosed by a PCP and the prior stool sample available was taken more than 2 weeks prior.  The first stool sample will be collected at the D2d randomization visit.  The formal consent process will take place at the D2d baseline visit, but this can be done during the OGTT without adding overall visit time.  We will recommend that subjects be given a consent form prior to that visit (e.g., at screening) to give them time to read it and be prepared to ask questions.  At each visit where stool is collected, the subject will be asked questions to update status and screen for confounders.  This can be administered during the OGTT at annual visits (adding no additional time to the visit); It will add no more than 5-10 minutes to randomization and semi-annual visits (or the end-of-study visit). Screening and follow-up questions are provided in Appendix A. We also propose to have the CRP test performed at each sample collection.  This will not require an additional blood draw, as blood taken as part of the regular D2d visit will be of sufficient quantity (see Specimen Request form and attachment).
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	Description of clinical laboratories: Stool samples will be processed (aliquoted into two 2-ml tubes and put into a -80 freezer) at the 10 collaborating sites and shipped to the Vermont Central Lab on a schedule TBD (it is anticipated this will coincide with regular D2d shipments).  Vermont will extract DNA from the stool samples and ship to the Jackson Laboratory for Genomic Medicine at the University of Connecticut Health Center for sequencing.  

The Laboratory for Clinical Biochemistry Research (LCBR) at the University of Vermont includes ~ 3000 square feet for research divided into three areas: general lab space, DNA preparation and analysis, and sample receipt and handling.  At a second location, the Biological Sample Repository at the Flynn Freezer Facility, comprises about 11,000 sq ft of freezer storage space which is temperature-controlled, alarmed, and backed up with generator power. The LCBR Biological Sample Repository currently houses > 3,000,000 samples, from >70,000 research participants, in more than 150 -80C or –145C freezers. Samples include serum, various types of plasma, urine, cryo-preserved cells, and purified DNA. Dr. Russell Tracy has directed the LCBR at the University of Vermont since its inception in 1986.  The LCBR has collaborated on a wide variety of clinical studies, clinical trials, and epidemiology studies in local, national, and international settings. 

The Jackson Laboratory for Genomic Medicine is being built on a 17-acre site on the campus of the University of Connecticut Health Center in Farmington, CT. The 183,500-square-foot facility will open in the fall of 2014. Within 10 years, it will house 300 biomedical researchers, technicians and support staff in state-of-the-art computing facilities and laboratories. It draws on the Jackson Laboratory’s eight decades of research in mammalian genetics in partnership with the clinical expertise of Connecticut’s universities and hospitals. JAX Genomic Medicine will discover the precise genomic causes of disease, develop individualized diagnostics, treatments and cures, and help build Connecticut’s bioscience industry. It focuses on medical applications of genomics with academic and clinical research partners from Connecticut and around the world.

	Participant Burden and Potential for Compromising Participant Retention: The proposed study is designed to provide minimal burden to participants.  The easy-to-use home stool kit (Appendix D) via which participants will collect stool does not require that they handle or manipulate the stool itself in any way. Kits and materials for transport to the D2d site (gel packs, thermosafe boxes) will be provided at each visit.  We are also budgeting for use of a courier to bring the stool sample to the D2d site if the participant is not able to provide a stool sample within 12 hours of a scheduled visit.  Use of the kit and courier resulted in 100% participant compliance in a recent study conduced by Washington University in St. Louis (personal communication, co-I William Shannon).  We are also budgeting for a generous subject payment ($50 per sample) that we believe will be attractive in recruiting subjects for the study and will enhance retention.
	Participant safety and confidentiality: Data capture methods will include paper copies (source documents for screening, survey data, sample collection logs, and tracking - see Appendix A) that will be kept at collaborating sites and at the Kansas coordinating unit (CU) and processed on an ongoing basis and databases that will be kept centrally.   Clinical data will be entered into a 21 CFR Part 11-compliant Internet data entry system (IDES) - a RedCap system based at the University of Kansas Medical Center.  The data system will include password protection and internal quality checks, such as automatic range checks, to identify data that appear inconsistent, incomplete, or inaccurate.  Clinical data will be entered directly from the source documents. Only the sites collecting stool samples will have access to identifiable participant information. The coordinating unit (Kansas), the central lab (Vermont) and the genome center (Jackson Laboratory) will have source documents, stool, or DNA samples identified only by the D2d study number. The microbial sequence data will be kept by Jackson Lab in a secure IDES, and reasonable efforts will be made to remove all traces of human sequence data, so that eventual identification of a subject from them will be virtually impossible . There is no physical risk to the subject other than possible contamination from stool; subject will be advised to wash hands.
	Burden on Collaborating Clinical Sites: We have designed the study to present minimal burden on the collaborating clinical sites.  Screening and consent can be done during the OGTT at baseline visit, adding no time. Subsequently, samples will be collected at scheduled D2d visits. A brief questionnaire will add 5-10 minutes at semi-annual and end-of-study visits (can be done during OGTT at annual visit).  Sufficient compensation is being provided for sites to have samples processed by someone other than the D2d coordinator (e.g., by nursing staff in a CTSU).  Sample processing will take 10-15 minutes. The central laboratory for D2d (Vermont) has agreed to serve as the central lab for the ancillary study as well.  This will provide relatively seamless integration with current D2d processes and consistent quality control with the parent study (e.g., Vermont will ship stool kits and supplies to the sites as they do lab supplies for D2d; shipping of stool samples to Vermont for DNA extraction and storage can be coordinated with the regular D2d shipping schedule).  Source document burden will also not be onerous; documents can be faxed or secure emailed to Kansas for entry into a secure RedCap database.
	Regulatory requirements: Each institution will use a separate version of the study informed consent, developed from a template provided by Kansas.  All subjects screened must document informed consent by signing and dating the study consent form. The written consent document will embody the elements of informed consent as described in the Declaration of Helsinki and in the U.S. Code of Federal Regulations, Title 45 Part 46, and will adhere to the ICH Harmonized Tripartite guidelines for Good Clinical Practice.  Informed consent will be implemented before any protocol-specific procedures are carried out.  Information will be presented both orally and in written form.  The investigator/coordinator will give subjects ample opportunity to inquire about details of the study and ask any questions before dating and signing the consent form.  Informed consent will be obtained at the D2d baseline visit.  We will suggest that coordinators give the D2d-GM consent form to subjects at the time they qualify for the D2d baseline visit so that they will have had an opportunity to have read it and can come ready to ask any questions they may have.  Kansas will provide the participating sites with an FAQ that will assist coordinators in answering those questions. Kansas will also be in a position to use the IRBShare mechanism at that time as well.  The first 2-4 months of the ancillary study are designated for sites' gaining approval from their local IRBs.  
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	Funding Sources: We plan to submit the study to NIDDK under PAR-12-265 (RO1 mechanism) on February 5, 2014.  Jackson Lab will be prime on the multiple PI (Robbins, clinical; Weinstock, genome) submission.  
	Planned Date of Submission to Funding Agency: 02/05/2014
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	Innovation and impact: The proposed study will be, to our knowledge, the first prospective study of the gut microbiome and incident T2DM in a controlled population where, unlike many prior studies, diet and extensive phenotypic data are available. It also has the potential for advancing knowledge of microbial function in a rigid, hypothesis-driven environment using innovative statistical methods developed at Washington University in St. Louis by principals in the Human Microbiome Project.  A standardized methodology will allow us to compare and contrast results to established microbiome libraries. The study will employ the newest sequencing technologies in a cost-effective two-tier approach. The 16S rRNA analysis allows deeper sampling of taxa within the bacterial community at a lower cost than WGS (Whole Genome Sequencing). 16S rRNA gene sequencing provides at best a species-level census of bacteria, with no information about the strains or their genetic content and no analysis of non-bacterial microbes (viruses, fungi, etc.), while WGS sequencing does provide this information. Shotgun sequencing, on the other hand, samples less deeply than 16S rRNA sequencing because only a small fraction of the sequences are from 16S rRNA genes, and very large data sets are needed to completely sequence rarer species (Weinstock, 2012).  Thus,  both methods are required to produce the most complete description of a microbial community in a cost-effective manner. We will start with the 16S rRNA survey and use this information to choose a subset of samples, representing the various groups, on which to carry out the more intensive and expensive WGS studies. The WGS data will be analyzed for viral load, eukaryotic microbes, metabolic capabilities contributed by microbes, antibiotic resistance or virulence factors, and other gene-level features. Such detailed data may define microbial markers for incident diabetes and suggest targeted therapies.
	Significance and brief background:   The vast collection of symbiotic microorganisms found in the human gastrointestinal system ("the gut microbiome") interacts with the human genome in profound ways and performs important biochemical functions for the host that we are only beginning to understand. Those mechanisms are being elucidated by new genomic technologies that have pointed to ways in which the microbiome influences the pathogenesis of a variety of traits and disease states, among them obesity, the metabolic syndrome, and diabetes.  However, the field is new and “emerging” – the Human Microbiome Project completed its work only a few years ago – and most early efforts have been focused on developing next-generation sequencing methodologies and new statistical methods for dealing with massive and novel datasets. Initial studies of microbe functionality have largely focused on animal models or on small human populations and have been designed to gain preliminary knowledge for developing more rigorous hypothesis-driven studies.  Human studies to date have been largely descriptive in nature, non-prospective with small sample sizes and non-diverse populations, and have shown mixed – often contradictory – results (see e.g., De Vos and Nieuwdorp, 2013; Karlsson et al., 2013; Zupancic et al., 2012; Qin et al., 2012; Maneesh et al., 2012).  Nevertheless, there is compelling evidence (much from animal studies) that gut microbiota participate in whole-body metabolism by affecting energy balance, glucose metabolism, and low grade inflammation – key components of obesity and type 2 diabetes.  Mechanisms affected by gut microbiota include production and passage of endotoxins into systemic circulation; local production of endotoxins that may change gut permeability/intestinal wall local defenses; production and movement of lipopolysaccharides that trigger inflammatory responses; increased energy efficiency resulting in up to + 180 kcal/day (increased energy harvest), there is a possible role of short chain fatty acids (although butyrate may be proinflammatory or anti-inflammatory in some studies); increased insulin resistance through proinflammatory response, and increased SCFAs (Ooi JH et al., 2013; Le Chatelier et al;, 2013; Harris et al., 2012; Guerts et al., 2011; Esteve et al., 2011; Rabot et al., 2011; Cani et al., 2012; 2007; 2006; 2005; 2004; Turnbaugh et al., 2006; Bäckhed et al., 2004). We have at least preliminary evidence that the microbial population of the gut is different in people who have type 2 diabetes from those who are normoglycemic or prediabetic (e.g., Zhang et al., 2013; Larsen et al., 2010) – and one author has simply called diabetes an “intestinal disease” (Sanyal, 2013).

   The role of Vitamin D in connection to the microbiome is less well established but provocative (e.g., Barengolts, 2013; Ly et al., 2011), and increasing evidence demonstrates that the Vitamin D receptor (VDR), a nuclear receptor, is involved in inflammatory responses (Lu et al., 2012; Tlaskalova- Hogenova et al., 2011).  For example, the NF-KB transcriptional system has been linked to the development of colitis and inflammation-linked cancers (Ben-Neriah and Karim, 2011; Wu et al., 2010).  Systemic inflammation via an increase in pro-inflammatory cytokines plays an important role in the pathogenesis of type 2 diabetes (e.g., Hu et al., 2004; Pittas et al., 2003; Duncan et al., 2003; Pradhan et al., 2001), and Vitamin D may lessen diabetes risk by modulating the expression and activity of cytokines, possibly through downregulation of NF-KB, among other pathways (Cohen-Lahav et al., 2007). Thus, there is plausible reason to infer that a VDR-microbiome link exists for the pathogenesis of type 2 diabetes as well. The ancillary study proposed n this application provides a unique opportunity for exploring that link for the first time.

   Recent advances in our understanding of the community structure and function of the human microbiome have led to intentional efforts to explore the potential role of probiotics and prebiotics in promoting human health.  A more thorough understanding of the function of microbial populations in the pathogenesis of Type 2 diabetes has the potential for advancing “personalized health care;” that is, for allowing us to develop targeted and low-risk therapies that replace deleterious microbes in the intestine with those known to be beneficial in preventing metabolic disorders (see e.g., Petschov et al., 2013; Qin et al., 2012; Kinross et al., 2011).  


	Hypothesis and specific aims: The overall question we are asking is whether changes in the composition of the gut microbiome predict conversion from impaired glucose tolerance to diabetes and whether those changes are ameliorated by Vitamin D supplementation as modeled in the D2d study.
Aim 1. Determine whether microbiome composition derived from 16S rRNA sequencing is able to predict conversion to diabetes in persons with impaired glucose tolerance.
Hypothesis 1a: The baseline microbiomes in those who convert are different from those who do not.
Hypothesis 1b: Microbiome composition at baseline influences time to conversion.
Approach 1. Baseline stool samples for subjects who convert (cases) and age-, gender-, and BMI-matched controls will be sequenced and compared using a two-group Dirichlet-Multinomial test procedure (Hypothesis 1a). Baseline stool samples for subjects who convert (cases) will be compared for differences in time to conversion using a Generalized Dirichlet-Multinomial longitudinal analysis and/or survival analysis methods (Hypothesis 1b). The null hypothesis is that the taxonomies are the same in cases and controls, and the same in cases that convert early and late.  Based upon 16S rRNA results, we will select a subset of samples on which we will perform whole genome sequencing (WGS) in order to gain further information about the strains discovered and their genetic content as well as perform analysis of non-bacterial microbes.
Aim 2. Determine whether changes in the microbiome are associated with conversion.
Hypothesis 2a: The composition of the microbiome in subjects who convert to diabetes from baseline to the sample taken immediately prior to conversion shows changes that may be predictive of conversion.
Hypothesis 2b: Changes in the composition of the microbiome from baseline shown in those who convert to diabetes are not present in age-, gender-, and BMI-matched controls who have not converted during the same time frame.
Approach 2. Baseline and time-before-conversion stool samples for subjects who convert (cases) and age-, gender-, and BMI-matched controls will be sequenced (16S rRNA) and compared within each group using a two-group Dirichlet-Multinomial test procedure (Hypotheses 2a and 2b). Adjustment for repeated measures will be applied. The null hypothesis is that the taxonomies are the same at baseline and time before conversion. Based upon 16S rRNA results, we will select a subset of samples on which we will perform whole genome sequencing (WGS) in order to gain further information about the strains discovered and their genetic content as well as perform analysis of non-bacterial microbes.
Aim 3. Determine whether Vitamin D supplementation correlates with changes in the microbiome over time.
Hypothesis 3: Those who received Vitamin D supplementation will show a trajectory of changes in the microbiome over time that is different that that of those who did not.
Approach 3: After unblinding, composition of all stool samples from cases and matched controls sequenced by 16s rRNA will be analyzed over time and compared by Vitamin D status. A subset, chosen based on 16S rRNA results, will be sequenced using whole genome sequencing (WGS). The trajectory of microbiome changes will be modeled using the Generalized Dirichlet-Multinomial model. The null hypothesis is that the trajectories of the microbiome are the same in the two treatment arms controlling for other patient covariates and that trajectories are the same in cases and controls. 
For all three aims, multiple regression will be used to control for potential confounders/covariates such as diet and pre- or probiotic use. Failure to do so has been a weakness in many prior studies (Maneesh et al., 2012)
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