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Personalized Nutrition Initiative 
Carle R. Woese Institute for Genomic Biology, Room 3002 
University of Illinois at Urbana-Champaign 
1206 West Gregory Drive 
Urbana, IL 61801  

December 15, 2020 
 

 
Holly Nicastro, PhD, MPH and Christopher Lynch, PhD 
Trans-NIH Nutrition for Precision Health Working Group 
Office of Strategic Coordination 
Bethesda, MD 20892  
nutritionresearch@nih.gov 
 
Dear Drs. Nicastro and Lynch, 
 
On behalf of the Personalized Nutrition Initiative at Illinois and my colleagues (Appendix 1) at the 
University of Illinois at Urbana-Champaign (UIUC), I would like to thank you for the opportunity to respond 
to the Data Science Challenges and Opportunities in the Field of Precision Nutrition RFI (NOT-RM-21-
005). The Personalized Nutrition Initiative was recently established in response to a call in the 2018-2023 
University of Illinois Strategic Plan, which highlighted personalized nutrition as an area for strategic 
investment to enrich interdisciplinary connections and establish new resources and facilities to expand 
our campus’s strength in food, nutrition, energy, health sciences, and cancer. We are thrilled that 
Precision Nutrition is the focus of the 2020-2030 NIH Nutrition Strategic Plan. 
 
Pertinent to the RFI, the depiction of biological and imaging systems through the integration of ‘omics and 
image data requires appropriate mathematical and statistical methodologies to infer and describe causal 
links between different subcomponents. Aside from the computational complexity of analyzing thousands 
of measurements, the extraction of correlations as true and meaningful biological interactions is not 
trivial.  
Biomedical and omics datasets are complex and heterogeneous, and extracting meaningful knowledge 
from this vast amount of information is by far the most important challenge for bioinformatics and 
machine learning researchers (1). Biological systems include non-linear interactions and joint effects of 
multiple factors that make it difficult to distinguish signals from random errors (2). 
 
A unique comprehensive strategy that automates data-driven analytical model building will need to be 
developed that incorporates the unique iterative integration of large-scale clinical record mining, ‘omic 
analyses, hypothesis-based modeling, simulation, and advanced machine-learning approaches (3). This 
comprehensive, and daunting, approach will be required to make tangible progress toward personalized 
nutrition and precision medicine. For example, data-driven approaches that utilize multiparameter 
measures, such as the influence of the nutrients on gene expression, genetic variations, and interaction 
with environmental factors such as the influence of lifestyle measures on gut microbiome interaction 
could provide a comprehensive understanding of an individual’s health. 
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Integration of systems science, data science, engineering, and computational analytics will be required to 
analyze complex data sets with variable formats and origins to achieve the NIH’s vision of Nutrition for 
Precision Health (NPH). In this realm, we feel that the highest priority consideration is for NIH to provide 
leadership in creating standards for data and image collection, processing, storage, fusion, and 
integration. Establishing a NIH Tool Box for NPH will accelerate progress, increased validity, and 
reproducibility, and will facilitate the combination of data from other existing and future human studies 
with data from the All of Us Research Program to expand the evidence base and statistical power to 
identify factors important for NPH. For this purpose, NIH should build upon existing resources (see below) 
and expertise at NIH and consider collaborating with existing organizations (e.g., the International 
Society for Nutrigenetics and Nutrigenomics and the Nutrigenomics Organisation ([NuGo] as well as the 
numerous engineering and physics organizations that have significant life science expertise). 
 
1. Comments or caveats on disparate data type or format collection and needs as to how they could 

be made ‘AI-ready’. 
a. Standardized Protocols: We recommend that NIH take this opportunity to expand the All of Us 

Program Researcher Workbench to develop a comprehensive and detailed data curation and 
validation pipeline plan with detailed Standardized Protocols. This could include recommended 
validated surveys and instruments to use as well as recommendations for how to approach 
problems related to discrepancies in data collection and inconsistencies across studies. The 
Standardized Protocols should be accompanied by a Reference Manual to support cross-
disciplinary communication, common language, and collaboration. 

One example is microbiome analysis. A consistent strategy for data generation and 
analysis that supports the overarching research objectives should be implemented for all samples 
to mitigate biases in metagenomic and metatranscriptomic sequence analysis. These analyses are 
powerful tools for understanding the operation of microbial communities, but are subject to 
considerable error and bias due to differences in sample collection (4), extraction method (5), 
library preparation (5,6), sequencing platform and depth (7), as well as bioinformatic analysis (8). 
Also, internal microbial standards should be integrated into the experimental design to quantify 
extraction and sequencing biases (9). There are several commercially-available bacterial and viral 
community standards that could be used, but we suggest the non-commercial, widely available 
standards be developed (see below). External contamination should also be evaluated through 
the inclusion of appropriate negative controls throughout extraction, library preparation, and 
sequencing (10). These factors could be incorporated into a Reference Manual. 

Another example is quantitative ultrasound (QUS) imaging that yields liver fat content 
(11-12). Nonalcoholic fatty liver disease (NAFLD) is the most common chronic liver disease 
worldwide affecting about 25% of the human population and needs to be considered relative to 
metabolic disease. Real-time liver fat content assessment using QUS imaging uses various data 
analysis strategies (one being a deep learning approach) that, at UIUC, has merged with 
microbiome research activities. 

 
b. Reference Standards: Given the breadth of biological data that will be collected as part of the 

NPH, we also recommend that NIH work with the National Institute for Biological Standards and 
Control (NIBSC) and/or The Center for Bioanalytic Metrology (13) to develop reference 
standards for use in the All of Us Program and other NIH-funded, investigator-initiated grants. 
There are currently no accredited or certified reference materials available for the microbiome 
field. Amos and colleagues have observed that different bioinformatics tools introduced biases, 
with a trade-off occurring between sensitivity and the relative abundance of false positives in the 
final dataset (14). Going forward, the authors recommended the microbiome field use site-
specific reagents of high complexity to ensure pipeline benchmarking is fit for purpose (14).  
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c. Verification and Validation: A multidisciplinary group of faculty at the University of Illinois is 
currently discussing how we can use already available data and biological samples from controlled 
studies to experimentally test different strategies, including ones that are being used for data 
collection and analysis in the All of Us program (currently and in the future). Gut microbiome DNA 
isolation techniques is one of the first protocols our group is discussing in regards to standardizing 
analytical approaches. Gaining a better understanding of the variation introduced by differences 
in sample collection, processing, and analysis would enable researchers to compare discrepancies 
in data outcomes from our controlled experimental approaches with the data obtained from All 
of Us cohort or publically available data sets. This would also allow the data to be more “AI-ready” 
as we could include estimated ‘data corrections’ garnered from our experimental approaches.  
 

d. Longitudinal Data: Based on our experience in microbiome data analysis, it is better to collect 
longitudinal data. The microbes composition relies on many factors, which bring a lot of 
challenges to removing confounding effects and extracting the true signal from the data. The 
longitudinal data is very helpful for detecting the real association. We also suggest using spike-in 
when the sequencing or other compositional data is collected. Sometimes data can reveal the 
false-positive signal because of its compositional nature (15). It would be very exciting to integrate 
different types of data sets, including imaging data that has point-of-care and AI/ML capabilities 
for quantitative liver fat content. 
 

e. Data Provenance: Often, data are transformed and manipulated for analyses and, subsequently, 
it is not readily clear what has changed in the data. While transformations can be 
annotated/stored to provide provenance information, it is often labor-intensive to investigate and 
understand the series of transformations, especially when there is a time gap since the data were 
last analyzed, and especially if these data are shared. Ideally, it will be important to have 
visual/interactive ways to understand that provenance. 
 

f. Transdisciplinary Workshops: We suggest that NIH organize workshops for leading researchers 
across disciplines to discuss various aspects of what data and biological samples should be 
collected, and how these will be handled, stored, and processed in preparation for analysis. The 
goal of these workshops would be to develop standardized protocols with a common language 
for all disciplines involved what will be highly encouraged to be used by researchers who receive 
NIH funding. We should as much as possible learn from what others have already developed, for 
example, the NIH Common Fund Molecular Transducers of Physical Activity Consortium 
(MoTrPAC) (16) and PhenX (17), which have developed standardized research protocols for data 
collections. 

 
2. Consideration of computational and modeling approach challenges, as well as important 

computational and technical parameters needed to develop algorithms for predicting precision diet 
recommendations 
a. Workflows: It would be beneficial to develop a workflow that encapsulates the currently 

disparate and tedious processes required to study these data effectively - especially to facilitate 
rapid hypothesis generation and testing. An analysis platform could support: 1) the ability to easily 
create experimental cohorts on the fly from the investigators own private study or in combination 
with shared/public data; 2) saving/executing complex machine learning experiments effortlessly; 
and 3) engaging with sophisticated visualization tools to evaluate data and study and 
communicate results. 
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b. Open-Source Data Visualization: Integrative research, involving the modeling of living systems at 
different scales, is becoming more extensively used in the biomedical community. For this reason, 
an open-source library, called MSVTK, is being implemented to fill the gap in software visualization 
solutions handling multiscale data. The library adopts state-of-the-art visualization and 
interaction techniques to solve the various challenges. Thus, we encourage NIH to investigate 
whether existing open-source resources could be useful for precision nutrition and the All of Us 
program.  

 
c. Patient Metadata: The microbiome varies across age, ethnicity, and geography (18-21). Emerging 

evidence suggests that phenotypic modeling using the microbiome is highly sensitive to these 
patient demographics as well as also for world-wide quantitative acceptance of image outcomes. 
For example, the extrapolation of highly accurate models failed to predict disease in individuals 
living in different geographic regions (18). Care should be taken to incorporate patient ethnicity, 
geography, and other relevant metadata into predictive models to properly account for the 
variance that these parameters may introduce. 

 
3 Computational, analytical, system science or modeling resources or tools which NIH should consider 

adding to the All of Us researcher Workbench to leverage the data sets that will be generated by 
this study. 
a. Dietary Intake Data Collection: Expanding the All of Us researcher Workbench to include 

protocols for accurate assessment of dietary intake and physical activity as these are vital 
components for quality research in public health, nutrition, and exercise science and to obtain 
accurate data to make “AI-ready”. Currently, accurate and consistent methodology for the 
assessment of these components remains a major challenge. Therefore, we suggest that a first 
step should be for NIH to fund research to develop, optimize, and validate dietary data collection 
via Apps that include manual entry, selection entry (e.g. choose from a list), semi-automatic 
(scanning), voice-to-text, photo entry, digital receipts from restaurants or stores, and sensing of 
eating-related activities through wearables and non-wearables. (22). A desirable feature of Apps 
vs. more traditional dietary data collection will be a “push” feature, which can automatically 
prompt data entry. However, response to the push declines over time (23). Thus, enhancing 
technology acceptance (24), conducting comprehensive evaluation of app quality (25), and 
determining the reliability and validity of dietary apps as matched to the study purpose (e.g. 
individual data or population-based data, dietary change or monitoring) are important (26). 
Expanding dietary data collection to include several data collection features would enhance data 
validity. 

In addition, NIH should fund studies focused on nutrient biomarker discovery through 
methods such as metabolomics and point-of-care image-based liver fat assessment as well the 
improvement of existing nutrient biomarkers. We also support the development of new and the 
strengthening of existing approaches that incorporate multiple methods of assessment (i.e. Food 
Frequency Questionnaires, diet records/24h and biomarkers) to accurately estimate dietary 
intake. Complete feeding studies that manipulate only the food item or food form under study 
should be used when appropriate (27-29). In addition, objective measures of physical activity, 
including actigraphy, are recommended. Precision Nutrition research should also leverage the 
resources available in The PhenX toolkit, which is a catalog of high-priority measures for 
consideration and inclusion in genome-wide association studies (GWAS) and other large-scale 
genomic research efforts (17).  
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b. In terms of the microbiome, there are hundreds of tools designed to analyze amplicon, 
metagenomic, and metatranscriptomic sequence data. It would be useful for All of Us Researcher 
Workbench to incorporate access to, or the output of a subset of these algorithms. For example: 
 
i. 16S tools: There is still considerable discussion about the appropriate taxonomic unit to use in 

amplicon sequencing (30), thus users should have access to both amplicon sequence variant 
(ASV) and operational taxonomic unit (OTU) generating algorithms and or datasets. DADA2 (31) 
or QIIME2 (32) should be available for generating ASV based amplicon abundance tables and 
Mothur (33) for OTU abundances. If shotgun metagenomic data are not available for all samples 
PICRUSt (34) would be a useful tool that would allow users to impute metagenomic gene 
abundances from amplicon data. Tools that are agnostic to traditional taxonomic units, such as 
ClaaTU (5), would be useful in identifying phylogenetically linked traits. 
 

ii. Metagenomic tools (reference based): Reference based metagenomic and metatranscriptomic 
annotation provides a rapid assessment of microbiome operational diversity. This approach 
involves aligning reads to highly curated reference databases to generate taxonomic and or 
gene family abundance profiles. HUMAnN2 (36) generates both microbial taxonomic and 
functional profiles and has been widely implemented for analysis of human fecal samples. 
Kraken2 (37) also generates information on the compositional abundances of metagenomic 
communities and allows the user to provide a custom reference database. Regardless of the 
software, special care should be given to the selection of metagenomic databases, as this 
decision can substantially influence metagenomic profiles (38).  

 
iii. Metagenomic tools (reference free): This initiative has unprecedented potential to advance our 

knowledge of host-microbiota-nutrient interactions, and with noninvasive image-based liver 
fat. To realize this potential, we will need to move past referenced based annotation of 
metagenomes. Reference free methods have the potential to discover new genetic, taxonomic, 
and metabolic diversity. Because some of the genomic insights provided through reference free 
tools are novel, these methods can potentially uncover patterns of association that are missed 
using reference-based methods. This approach involves generating an assembly of the 
metagenomic or metatranscriptomic data and then aligning sequencing reads back to this 
assembly to generate coverage estimates. Megahit (39) is a flexible metagenome assembly 
algorithm that produces high quality assemblies. Novel taxonomic diversity can be identified in 
these assemblies using metagenomic binning algorithms (e.g., DasTool  (40) which incorporate 
knowledge of sequence composition and differential coverage. Open reading frames are then 
located in these metagenome assembled genomes using Prodigal (41) and biosynthetic gene 
clusters identified using antiSMASH (42). These data can help discover potentially probiotic 
species that link with host health. These species can then be prioritized for downstream 
analyses to validate findings from clinical studies.  
 

c. Survey Validation and Access: For social sciences, it would be useful for All of Us Researcher 
Workbench to incorporate access to agreed upon and validated surveys that incorporate social 
sciences and community factors important to use the data for predictions. For example, one 
researcher on campus currently conducts models from computational social science used to 
predict adherence to health guidelines, for instance, for diabetes, which can be adapted to 
represent nutrition decisions and utilized to predict the impact of interventions. Such models can 
represent nutrition decisions that depend on several multi-domain factors, including ecological, 
economic, and psychosocial. Moreover, the model can include interactions among the factors and 
the social actors themselves, including the influence of groupings and homophily. Approaches 
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from computational social science using Bayesian knowledge bases, as developed by UIUC 
Information School faculty can be validated and implemented to provide expected nutrition 
decisions of individuals based on a range of individual, group, and environmental attributes (43).  
 

d. Computer Infrastructure and Text Mining: We also have a few suggestions to include in the All of 
Us Research Workbench: 
i. Building computational infrastructure that uses standardized data formats, vocabularies, 

and ontologies to represent, exchange, and reason over existing knowledge (on nutrition, 
diet, genetics, microbiome, electronic health records, image-based liver fat content, 
literature, as well as other modalities) 

II. Constructing new ontologies or enhancing existing ones to accommodate new types of 
nutrition-related knowledge 

III. Developing text mining methods and algorithms to extract and standardize relevant 
information from electronic health records, literature, and other resources, such as dietary 
guidelines 

IV. Developing AI/machine learning algorithms that combine personal data with literature 
knowledge and omics data to make personalized nutrition recommendations and explain 
these recommendations 

V. Developing methods (including text mining) to curate rigorous, transparent, and 
reproducible scientific publications on relevant topics 

 
4. Opportunities for the NIH to partner in achieving the goals of the Nutrition for Precision Health 

program with dot.org-s, dot.com-s or dot.edu-s.  
a. NIH should consider how to integrate data from the All of Us Research Project with the recently 

completed PREDICT2 (Personalized Responses to Dietary Composition Trial 2) study, which was 
designed as a single-arm mechanistic intervention study and was registered in Clinical Trials.gov 
(44). The study included collaborators from King’s College London, Massachusetts General 
Hospital, Stanford University and, Tufts University with ongoing NPH studies, such as the PREDICT 
trial in the UK. The study tested whether the gut microbiota affects metabolic responses to diet, 
weight, and health status in 18- to 70-year-old subjects. Participants were consumed standardized 
meals on up to 8 days while wearing glucose monitors (Abbott Freestyle Libre) to measure their 
blood sugar levels. Participants also self-monitored blood glucose at regular intervals and to 
record their appetite, food, physical activity, and sleep using apps and wearable devices. They 
collected a fecal and saliva sample before consuming the standardized meals and provided a 
fasted blood sample at the end of the study period. 

 
b. The American Gut Project (45) is the world’s largest crowd-sourced, citizen science microbiome 

research project. It is based in the laboratory of Dr. Robin Knight at the University of California 
San Diego, but is part of The Microsetta Initiative (TMI) (46). The mission of the TMI is to collect 
microbiome samples and rich phenotypic data spanning the world’s populations and to couple 
these collections with educational outreach about microbiome science. Dr. Hannah Holscher at 
UIUC is working with the Knight lab on expanding and improving upon the quality of data being 
collected to assess dietary intake.  
 

c. Biosensors and Devices: We recommend that NIH consider supporting transdisciplinary 
collaborations between computational, engineering, clinical, biological, and behavioral scientists 
to develop novel biosensors, quantitative image capabilities, and devices to collect physiological, 
dietary, and behavioral data in real-time with a limited burden to participants. This would allow 
transdisciplinary Precision Nutrition investigations to conduct longitudinal tracking of the 
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exposome and host biological fluids using biosensors. Ideally, the biosensors should incorporate 
sample collection in addition to monitoring, data fidelity, and reproducibility. While approaches 
such as genome sequencing, RNA-seq, qRT-PCR are powerful and sensitive, their protocols are 
time-intensive and complex. Precision Nutrition research would benefit from biomolecular 
analysis techniques that can be implemented in point-of-use settings, and in some cases 
integrated with personal mobile devices, to enable interfacing with cloud-based service systems. 
Nutrition biomarkers that can be easily and frequently quantified from noninvasively obtained 
bodily fluids and properties (blood finger stick, saliva, urine, perspiration, liver fat) can 
complement wearable sensors that monitor physiological status (heart rate, activity/motion, 
oximetry, sleep quality) to provide a holistic view of how an individual’s environment, diet, sleep, 
and exercise all contribute to their well-being. 

 
d. Biomarker Identification: We recommend NIH to support transdisciplinary collaborations to 

develop novel integrative analytical approaches that are robust and reproducible to ultimately 
support biomarker identification. Advanced statistical machine learning algorithms have been 
developed to quantify the dynamics of microbiome composition (47), liver fat (11,12) and other 
outcomes. However, the effectiveness and robustness of such a strategy often rely on the 
availability of large data repositories. This effort could capitalize upon the NIH Common Fund 
investment in the NIH Big Data to Knowledge (BD2K) (48) initiative, which aims to enable 
biomedical scientists to capitalize more fully on the big data sets being generated by research 
communities. Precision Nutrition should also capitalize on the new NIH investment in the Artificial 
Intelligence for BiomedicaL Excellence (AIBLE) initiative on AI and machine learning (ML) in 
biomedicine (49). Lastly, continuous monitoring will also generate large amounts of data, which 
will produce challenges for data storage, analysis, and comparison with appropriate standards 
(for clinical outcomes). It would be ideal for NIH to support a centralized repository for Precision 
Nutrition data that could be accessed by researchers. This could be similar to The Cancer Genome 
Atlas (TCGA) cancer genomics program supported by the NCI (50). 

 
e. Industry Partnerships: There is a broad range of companies, and even industries with a direct 

interest in precision nutrition, a field still new enough that the university and industrial research 
efforts are well aligned. We suggest the NIH develop a collaborative program modeled after the 
NSF’s Industry-University Cooperative Research Centers (IUCRC) or NSF’s Partnership for 
Accelerating Cancer Therapies (PACT), perhaps through the Foundation for the NIH (51,52). 
Relevant to this RFI, conversations with potential industry partners reveal common interests in 
big data analytics and artificial intelligence as well as in non-invasive data collection, monitoring, 
and validation. Even more important, the field of precision nutrition is still in need of the 
identification of relevant biomarkers for health and optimal nutrition. Fashioned after the 
pharmaceutical industry, we expect pre-competitive collaborations among industrial and 
university partners in precision nutrition would accelerate biomarker discovery, converge 
innovative efforts, and optimize economic investments. Other areas of interest to potential 
industrial partners, particularly relevant to this RFI, include more general interests in precision 
nutrition such as the democratization of precision nutrition and the promotion of food as 
medicine.  
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5. Any other topic the respondent feels is relevant for the NIH to consider in developing this strategic 
plan. 
We have identified several additional relevant areas that need strong considerations as NIH moves 
forward with its 10-year strategic plan in nutrition: 
 
a. Ethical Issues: Advances in precision nutrition can be realized only to the degree that diverse 

groups contribute to personal data and biological samples. Lack of diversity in genomic research 
contributes to ungeneralizable results and inequitable distribution of precisions medicine benefits 
derived from research (53-55). As NIH pursues the promise of the Precision Nutrition common 
fund, special attention should be paid to recruiting underrepresented groups for research 
participation. By extension then, issues regarding group privacy will also need to be addressed, 
ethically and technically. Genomic data about related people (Groups) can cause dignitary and 
tangible harm (56). One approach may be to consider re-consenting guidelines was part of the 
NIH Genomic Data Sharing (GDS) Policy (57) to ensure we are keeping to the highest ethical 
standard. While it is very hard for participants to give blanket consent not knowing what future 
research will be done, especially with large and comprehensive data and biological sample 
collections studies, dynamic and group consent technologies and processes may afford 
participants ethical assurances and control, beyond standard safe harbor practices.  
 

b. Privacy: Racial and ethnic minorities tend to have stronger genomic privacy concerns than 
caucasian respondents and that may contribute to the lack of diversity in genomic samples 
(58,59). Yet, studies examining whether genomic privacy attitudes influence decisions to 
participate in genomic research are inconclusive (60). People tend to be more willing to 
participate in genomic research if their data is anonymized (61). However, genomic data can be 
easily de-anonymized, which can lead to the re-identification of study participants (62,63) and 
inferring the participant’s phenotypes (64,65). The availability of de-anonymized data raises 
concerns regarding discrimination by insurance companies, among others. While privacy tools 
may exist to address these issues, if the measures are too strenuous they might burden potential 
research participants and could hinder research. Overall, there is a need to balance usability and 
security/privacy. Research about how privacy attitudes predict participation behavior, in 
conjunction with the technical mechanisms to facilitate the secure transfer of data and rigorous 
standards for its privacy can help untangle these issues and improve participation in research and 
commercial databases such as GA4GH, dbGap, Thousand Genome Project, All of Us, etc. In 
addition, learning how well the consumer understands and trusts the technologies implemented 
to secure the privacy, anonymity, and control of data will be needed. 
 

c. Limitations of Existing Cohort Studies: In addition to the All of Us cohort, there are several other 
existing NIH cohorts that might be of use. These include the Environmental influences on Child 
Health Outcomes (ECHO) program (66), the Health Professionals Follow-Up Study (HPFS) (67), and 
the Nurses’ Health Study (68). However, there are significant disadvantages to nesting Precision 
Nutrition research within existinglongitudinal cohort studies, since none were specifically 
designed to capture the complexity of the inputs needed to fully comprehend the contributions 
that shape Precision Nutrition outcomes. Therefore, we recommend that NIH consider funding 
new cohort(s) across the lifespan to investigate how individual variability affects responses to 
diet and health outcomes rather than trying to adapt existing cohorts. These cohorts should 
include all ages as there are unanswered questions across the lifespan. The cohorts must reflect 
all aspects of ethnic diversity, socioeconomic status, and other social determinants of health. In 
addition, prospective cohort studies should also consider Mendelian randomization, which is a 
method of using measured variation in genes of known function to examine the causal effect of a 
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modifiable exposure on disease in observational studies (69). The design provides a method for 
obtaining unbiased estimates of the effects of a putative causal variable without conducting a 
traditional randomized trial. The design has a powerful control for reverse causation and 
confounding, which often impede or mislead epidemiological studies. 

 
In closing, we appreciate the opportunity to assist NIH in identifying Data Science Challenges and 
Opportunities in the Field of Precision Nutrition. We believe that this is the time for NIH to take leadership 
in establishing standards for data collection and carpentry to promote consistency and accuracy and, 
ultimately, data sharing. We also recommend that NIH consider how to leverage the work of several 
groups, including the International Society for Nutrigenetics and Nutrigenomics and the Nutrigenomics 
Organisation (NuGo) (70), which have been considering for nearly a decade how to conduct precision 
nutrition studies (71,72) and the needs for a “nutritional phenotype database (dbNP)” (73).  
 
The University of Illinois has positioned itself as a world leader in tackling computational and modeling 
grand challenges as the home of four AI research institutes/centers on campus. The University has ~160 
faculty from 30 different departments or institutes that are affiliated with at least one AI or computational 
institute, with about 17 of them having multiple affiliations. In addition, the university collaborates in an 
additional five AI research institutes at other universities. Thus, we have a breadth and strength of AI 
researchers on campus, we will look forward to joining with NIH and our colleagues across the country to 
contribute to this exciting initiative. 
 
Thank you for considering our comments. If we can be of any further assistance, please contact me at 
sdonovan@illinois.edu or 217-333-2289. 
 
Sincerely yours, 

 
Sharon M. Donovan, PhD RD 
Professor and Melissa M. Noel Endowed Chair, Department of Food Science & Human Nutrition 
Member, Division of Nutritional Sciences 
Director, Personalized Nutrition Initiative 
Member, 2020-2025 Dietary Guidelines for American Advisory Committee 
Member, National Academy of Medicine 
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Appendix 1. UIUC Faulty contributors to the RFI Response: 
 

Name and Rank Affiliations 
Jacob Allen, PhD  
Assistant Professor 

Department of Kinesiology and Community Health (KCH); Division 
of Nutritional Sciences (DNS) 

Jaume Amengaul, PhD 
Assistant Professor Department of Food Science & Human Nutrition (FSHN); DNS 

Nicholas Burd, PhD 
Associate Professor Department of KCH; DNS 

Colleen Bushell, FAA 
Associate Director, Healthcare Innovation and 
Principal Research Scientist, Visual Analytics; 
Associate Research Professor  

National Center for Supercomputing Applications (NCSA); Carle-
Illinois College of Medicine (CICOM) 

Brian Cunningham, PhD  
Professor; Director of Center for Genomic 
Diagnostics 

Department of Electrical & Computer Engineering (ECE); Carl R. 
Woese Institute for Genomic Biology (IGB); CICOM 

Elvira de Mejia, PhD  
Professor; Director of DNS  Department of FSHN; DNS 

Jessica Dalhaus, PhD 
Associate Director for Research College of Engineering – Office of Research 

Sharon Donovan PhD RD 
Professor and Melissa M. Noel Endowed Chair; 
Director, Personalized Nutrition Initiative 

Department of FSHN; DNS; IGB; CICOM  

John Erdman, Jr, PhD 
Professor Emeritus; Deputy Director, 
Interdisciplinary Health Sciences Institute 

Department of FSHN; DNS 

Christopher Gaulke, PhD, 
Assistant Professor Department of Pathobiology; School of Information Sciences  

Cecilia Gentle, PhD  
IGB Fellow in Economic Development IGB 

Carl Gunter, PhD 
Professor 

Department of Computer Science; IGB Genomic Security & 
Privacy theme  

Hannah Holscher PhD, RD 
Assistant Professor Department of FSHN; DNS; IGB 

Aiguo Han, PhD 
Assistant Professor Department of ECE 

Matthew Hudson PhD 
Professor and Co-Director  Department of Crop Sciences; Center for Digital Agriculture 

Eliu Huerta, PhD 
Senior Research Scientist; Head; Director 

Senior Research Scientist; NCSA Gravity Group; NCSA Center for 
Artificial Intelligence Innovation 

Rod Johnson, PhD 
Professor and Head Department of Animal Sciences; DNS 

Naiman Khan, PhD, RD 
Assistant Professor Department of KCH; DNS 

Halil Kilicoglu, PhD 
Associate Professor School of Information Sciences 

Aleks Ksiazkiewicz, PhD 
Assistant Professor 

Department of Political Sciences; IGB Genomic Security & Privacy 
theme 

Soo-Yeun Lee, PhD 
Professor Department of FSHN; DNS 

Ting Lu, PhD 
Associate Professor 
 

Department of Bioengineering; IGB 
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Zeynep Madak-Erdogan PhD 
Assistant Professor Department of FSHN; CICOM; DNS; IGB 

William O’Brien, PhD 
Professor Emeritus, Donald Biggar Willet 
Professor of Engineering 

Department of ECE; DNS 

Shulei Wang, PhD 
Assistant Professor Department of Statistics 

Ken Wilund, PhD 
Professor Department of KCH; DNS 

M. Yanina Pepino PhD 
Assistant Professor Department of FSHN; DNS 

Lori Raetzman, PhD 
Associate Professor Department of Molecular & Integrative Physiology 

Christopher Rao, PhD 
Professor, Morris Professorial Scholar Department of Chemical & Biomolecular Engineering; IGB 

Eunice Santos, PhD 
Professor and Dean School of Information Sciences 

Saurabh Sinha, PhD 
Professor and Willett Faculty Scholar  Department of Computer Science; IGB 

Stephan Schneider, PhD 
Fellow IGB 

Sebastian Souyris, PhD 
Post-Doctoral Research Associate Gies College of Business 

Don Takehara, PhD 
Associate Director for Research College of Engineering – Office of Research 

Margarita Teran-Garcia MD, PhD 
Assistant Professor University of Illinois Extension, CICOM; DNS 

Ruoqing Zhu, PhD 
Assistant Professor Department of Statistics 
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