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Abstract
Background: Chronic kidney disease (CKD) is an increasing epidemic globally that is associated with adverse health
outcomes including end stage kidney disease (ESKD), cardiovascular disease (CVD), and death. American Indians
(AIs) have a higher prevalence of CKD than most other racial/ethnic groups, due in part to a high prevalence of
type 2 diabetes. Other genetic and environmental factors not yet identified may also contribute to the
disproportionate burden of CKD in AIs.
Method: We will establish 3 clinical centers to recruit AIs from the Southwest United States (US) to expand the
Chronic Renal Insufficiency Cohort (CRIC) study. We will follow the current CRIC protocol for kidney and
cardiovascular measures and outcomes, which include ambulatory monitoring of kidney function and the use of
mobile health technologies for CVD sub-phenotyping, and compare the outcomes in AIs with those in other racial/
ethnic groups in CRIC.
Discussion: AI-CRIC will identify the role of various risk factors for rapid loss of kidney function among AIs of the
Southwest US. In addition, to better understand the natural history of CKD and CVD in this high-risk population, we
will identify unique risk factors for CKD and CVD progression in AIs. We will also compare event rates and risk
factors for kidney and cardiovascular events in AIs with the other populations represented in CRIC.
Keywords: Chronic kidney disease, Cardiovascular disease, American Indians, AI-CRIC, End stage Renal disease,
Environmental exposure, eGFR, Heart rate variability

Background
Chronic kidney disease (CKD) is an increasing epidemic
affecting people globally [1]. The prevalence of CKD
among US adults is estimated at just under 15% [2],
since American Indians (AIs) in the Southwest US have
a prevalence of mild to moderate CKD of 17% [3]. Associated morbidity, mortality and economic burden mostly
derive from progression to end stage kidney disease
(ESKD) and cardiovascular disease (CVD). AIs suffer
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from substantial health disparities in the context of
broad historical and contemporary social and economic
inequality [3]. Risk factors for diabetic kidney disease,
the predominant form of CKD among AIs, include the
traditional factors such as hyperglycemia, hypertension,
and inheritance, but may also include other factors such
as exposure to various persistent environmental
pollutants. In addition, the increasing prevalence of
obesity in AI youth threatens to exacerbate the burden
of CKD in these communities because the earlier onset
of diabetes is associated with an increase in albuminuria,
CKD, and ESKD in mid-life [4, 5]. Although the degree
of proteinuria reduction from use of renin-angiotensin-
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aldosterone system inhibitors (RAASi) correlates with
subsequent reduction in the rate of ESKD [6, 7], there
are currently no markers available to predict the subsequent loss of kidney function in AI patients already
treated with these agents. In addition to continuing the
search for circulating and genetic markers of CKD
progression, new paradigms have emerged to identify
the role of subclinical risk factors (e.g., Cystatin C) for
rapid loss of kidney function among AIs. Measurement
of kidney function variability over time and detection of
acute decrements in kidney function will be an important focus of the AI-CRIC Study. Several recent clinical
trials examining treatments to slowing down CKD
progression have failed to show outcome benefit in part
because of the inability to identify prospectively, and
randomize those at greatest risk of rapid progression
while receiving standard of care treatment [8, 9].
CKD among AIs needs to be studied more deeply in
order to answer many questions about the progression
of CKD among AIs, as well as the prevalence of CVD in
the setting of CKD in these populations. Assessment of
morbidity and mortality associated with CKD, often
from CVD, requires long-term study of affected individuals, and highlights the public health importance of this
research initiative [10]. To address this burden of CKD
in AI communities, our CRIC ancillary cohort study of
500 AIs (AI-CRIC) will improve our understanding of
both potential risk factors for CKD progression, and the
scope of this disease among AIs. Our study was designed
to accomplish the following specific aims:
1) Identify unique risk factors for CKD and CVD
progression and compare CKD and CVD event rates and
risk factors between AIs and the other populations
represented in CRIC.
2) Using an important paradigm shift for monitoring
kidney function, we will conduct ambulatory monitoring
of kidney function and damage using a handheld device
analogous to a glucometer, and evaluate its relationship
with exposure data.
3) Using mobile health technologies, we will conduct
CVD sub-phenotyping and evaluate its relationship with
exposures data.
Our study leverages the strengths of the current CRIC
study and incorporates the planned activities of the next
phase of the study by implementing contemporary CRIC
protocols for kidney and cardiovascular measurements
and outcomes in AIs.

Methods/design
Study overview

The overall goals of the proposed prospective cohort
study are to: (a) precisely assess the extent to which the
rates of CKD and CVD progression differ between AIs
and other racial/ethnic groups based on standardized
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definitions used throughout CRIC; and, (b) to identify
the association of CKD to the levels of potential environmental and occupational exposures unique to AIs
residing in the American Southwest. To better understand the natural history of CKD/CVD in this high-risk
population, we will implement the CRIC 2018 protocol
of ambulatory monitoring of kidney function and
damage along with evaluations of CVD sub-phenotypes
using mobile health technologies. Data collection will
take place at three sites located across the Southwest
US. We will adopt the general methods and procedures
of the parent CRIC protocol (http://www.cristudy.org).
We obtained Letters of Support from Zuni Comprehensive Community Health Center - Indian Health
Services, First Nations Community Health Source,
Pueblo of Zuni Tribal Governor, and NIDDK, NIH
Phoenix.
Inclusion and exclusion criteria

Inclusion Criteria: Age: Eligible age at enrollment is 21
to 80 years, which will ensure a sufficient number of
CVD outcome events and statistical power while minimizing the impact of competing risks (deaths due to nonrenal /non-CVD causes) and dropout. Diabetes Status:
We will use the criteria of The Expert Committee on the
Diagnosis and Classification of Diabetes Mellitus to
diagnose diabetes status. Glomerular Filtration Rate
(GFR): We will use the existing CKD-EPI equation to
estimate GFR to assess eligibility [11]. Older participants
will have lower levels of estimated GFR (eGFR) at enrollment. Many of the AIs speak their Native language along
with English. Our community health representatives
(CHRs) will help with study related procedures and will
administer the consent in patients’ Native language such
as Zuni or English depending on participant preferences.
Exclusion Criteria at Enrollment: [1] no consent [2];
life expectancy < 3 years [3]; institutionalized subjects
[4]; ESKD or renal transplant [5]; renal cancer [6];
myeloma [7]; immunosuppression [8]; autosomal dominant polycystic kidney disease [9]; participation in any
other Clinical trial [10]; current pregnancy; or, [11]
current incarceration.
Consent process

All sites participating in this study will use the same
basic process to consent participants. The informed
consent document will be structured such that it enables
potential participants to indicate in which aspects of the
study they are willing to engage (e.g., genetic component
versus Biologic aspects). The consent process will cover
all aspects of screening, baseline testing and subsequent
follow-up visits. A separate section and signature page
will be required for consent to collect a blood sample for
genetic testing and storage of DNA.
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Investigators, IRB-approved research coordinators, or
CHRs will be responsible for obtaining consent. All
personnel obtaining informed consent will have completed Collaborative Institutional Training Initiative
(CITI) training, and received training from the principal
investigator (PI) for consenting procedures in line with
the UHM HSC Human Research Protections Office
(HRPO) standard operating procedures (SOP) for
Informed Consent titled, “SOP: Written Documentation
of Consent (HRP-091)”. We will use a document of
informed consent for this study. A copy of the signed/
dated informed consent form will be given to every
participant.
Study timeline

Recruitment and patient enrollment will be completed
in the first three [3] years of the study. Participant
duration in the study may be as long as five years (60
months) if they are recruited in the first year of the
study and complete all study visits. Some participants’
study duration will be shorter if they are recruited in
Years 2 or 3 of the study.
Study endpoints

The CRIC Study has a defined series of principal clinical
outcome events that will be the focus of the primary
longitudinal analyses. These outcomes can be broadly
categorized as kidney disease events (ESKD or eGFR decline), cardiovascular events, patient-centered outcomes
and death (see Table 1).
Research setting
Research locations

To enhance efficiency and ensure timely recruitment, we
established a consortium experienced in conducting
studies in AI communities. Participating organizations
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include the town of Guadalupe and NIDDK office in
Phoenix; First Nation hospital and Albuquerque area
Indian Health Services (IHS); and Zuni Pueblo, NM.
Recruitment methods

We will use the patient panel of CRIC investigators in our
recruitment areas (Phoenix, AZ, Zuni, NM and Albuquerque, NM), since our sites have a track record for clinical
studies recruitment. We will recruit participants from
nephrology, diabetes, and internal medicine clinics. We
will contact potential participants in compliance with
HIPAA guidelines, guidelines of local IRBs, and the policies of each medical facility. We will approach potential
participants either at the time of a visit, when they are referred through health care providers other than AI-CRIC
investigators, or when they respond to advertising. We will
provide a letter to potential participants that we screened
through health care providers’ databases. The invitational
letter will be signed by the local principal investigator
and/or personal physician. We will also use community
outreach, peer-to-peer recruitment, publish informational
articles in local newspapers, and participate in local radio
health-related broadcasting, to increase our sample size.
Finally, the study staff will use mail, phone, or home visits
for additional contacts.
We will then schedule those who are interested for a
visit or phone call to assess eligibility. After initial screening, we will schedule those who are eligible and remain interested for an in-person screening and informed consent
session. We will submit all recruitment materials for prior
approval from the Human Research Review Committee
(HRRC) of each site before we use them.
Community-based research staff

Our research staff will consist of four CHRs with associate degrees in nursing or health/life science. They will

Table 1 Non-kidney Clinical Outcomes
Cardiovascular

● Acute myocardial infarction
● Hospitalization for congestive heart failure
● Serious cardiac arrhythmia

Peripheral Vascular

● Amputation for peripheral artery disease
● Surgical or percutaneous revascularization for
peripheral artery disease

Cerebrovascular

● Intraparenchymal hemorrhage
● Subarachnoid hemorrhage
● Large-vessel cerebral infarction
● Cardioembolic cerebral infarction
● Small-vessel cerebral infarction
● Cerebral infarction not otherwise specified

Death

● Atherosclerotic Coronary Heart Disease Death
● Cerebrovascular Death
● Other Atherosclerotic Disease Death
● Other Cardiovascular Disease Death
● Other Death
● Sudden Cardiac Death
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have responsibility for recruitment and performing the
baseline and follow-up visits.
Study procedures

Initial pre-screening AIs frequently live in homes not
equipped with landlines, however majority of them carry
mobile phones. CHRs will call prospective participants
known to have phones based on our previous contacts
through our continuous work in these communities.
CHRs will also visit the homes and/or workplaces of
potential participants. Potential participants may also be
approached during scheduled visits to health professionals. If people are un-decided, CHRs will leave contact information and re-contact undecided participants
in two weeks. If an eligible individual ultimately refuses
participation, the CHR will document this on a refusal
form.
Screening visit Currently we have trained CHRs at all
sites who will obtain the following: [1] informed consent
[2]; demographic and contact information [3]; blood
from a finger stick to measure A1C and Glucose using
POC instruments [4]; urine to measure protein using a
POC instrument; and [5] an eligibility questionnaire.
Baseline visit The baseline study enrollment visit will
occur within 45 days of the screening visit. We will
follow the parent CRIC protocol [12] for all the methods
and processes for the baseline visit including: [1] confirm
eligibility [2]; medical history and physical examination
[3]; approximately 65 cc of blood for fasting blood sample to measure glucose levels and glucose control, kidney
function, cholesterol levels, electrolytes and measures of
inflammation, and lymphocytes if consenting to DNA
studies [5]; urine sample for protein, albumin, and urea
nitrogen [6]; medication record [7]; ankle-brachial index
[8]; anthropometrics [9]; questionnaires on dietary intake, physical activity, SF12, depression, cognitive function, and health resource utilization. This visit will last
approximately 75 min.
Follow-up visits We expect to follow participants from
30 to 54 months, depending on date of enrolment. We
will repeat baseline measurements and observations annually. We will contact all participants six months after
each of these visits to update contact information, ascertain interim outcome events, and assess health resource
utilization. We will conduct follow-up visits at 11 to 13month intervals.
Monthly finger-sticks Patients will receive a handheld
creatinine monitor (StatSensor Creatinine Monitor,
about the size of a cell phone) and all the supplies
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needed to do finger-stick creatinine testing at home. Patients will be asked to do the testing at home monthly
for one year and weekly for two months of that year. At
the clinic visit, we will show patients a short video
explaining how to do the testing. Afterwards, they will
be asked to practice the test in the clinic before they
leave to make sure they understand the process and to
allow time for them to ask any questions. It will take
about 15 min to learn how to perform finger-stick creatinine testing at home. For each test, the patient will
first do a “finger-stick” to get a drop of blood from the
tip of their finger. They will place the drop of blood on
the edge of the testing strip and insert the strip into the
meter. The meter will display the creatinine measurement. Once they have measured their creatinine, they
will be asked to report the value by calling the AI-CRIC
Study. They will discard the test strip after completing
the test.
Monthly urine albumin testing patients will receive
urine diagnostic dipsticks and scan cards (Scanwell
Health Urine Dipsticks and Scan Cards) and will be
asked to download the “CRIC at Home” smartphone application. They will be asked to do the testing at home
monthly for one year and weekly for two months of that
year on the same day they perform the finger-stick creatinine test. At their clinic visit, we will describe the
process to them. Patients will be asked to practice the
test in the clinic before they leave to make sure they
understand the process and to allow time for them to
ask any questions. It will take about 15 min to learn how
to perform the urine albumin testing at home.
Before performing the urine test, patients will be asked
to complete a brief survey on risk factors for sudden
changes in kidney function through the “CRIC at Home”
smartphone application. For each test, they will first collect a urine sample in a specimen cup. After collecting
the urine, patients will dip the urine diagnostic dipstick
in the urine and then place on the diagnostic scan card
and wait for the colors to develop. Using their smartphone, they will launch the “CRIC at Home” application
and it will guide them through the process of taking a
picture of the diagnostic scan card. After the application
finishes scanning the picture, the test result will be displayed. The image and result are stored on the application. This application is unencrypted; however, only the
patient’s result and unique ID are stored on the application and all study information will be removed after
completion of the study. Once the patient has tested
their urine, they will be asked to report the value by calling the AI-CRIC Study. Patients will discard the dipstick
and scan card after completing the test.
We will give a printed schedule to patients at the clinic
visit to remind patients when to perform the finger-stick
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creatinine and urine albumin tests. We may also call patients by telephone or contact them by email to remind
them to perform these tests and let us know their results. A short questionnaire will also be given to patients
to provide feedback on their experience with these home
tests, which can be mailed back to us in a pre-paid
envelope.
Cardiovascular monitoring We will ask patients wear
up to 2 wireless monitors at two different time points
over the course of the study. Both activities are described below.
Zephyr BioPatch testing The Zephyr BioPatch™ is a
wireless monitor that can measure changes in heart rate
and breathing rate, activity level and position, and Electrocardiogram (EKG) patterns. The BioPatch™ consists
of a sensor, known as the BioModule™, which is less than
2 in. in diameter and weighs less than an ounce, and a
lightweight plastic patch that holds the BioModuleTM
in place. Comfortable and small, the BioPatch™ attaches
to traditional disposable EKG electrodes placed on the
chest and allows the BioModule™ to be easily snapped
in. It is powered by a rechargeable battery. Patients will
be asked to wear the BioPatch™ for a total of 48 h during
which it will log their activity and heart rate data. At the
end of 24 h, patients will need to recharge the sensor for
a period of 3 h and then place it back on the chest for an
additional 24 h. In addition, during the time they are
wearing the device, they will be asked to keep a journal
of their sleep and wake times, periods of exercise and
any other events that might significantly affect biosensor
readings. At the end of this period, they will be asked to
return the BioPatch™ and journal. We will provide patients with a pre-paid envelope to return the device at
their clinic visit.
ZIO® XT patch testing The ZIO® XT patch is a small,
adhesive, water resistant single lead EKG sensor that is
placed on the chest to monitor heart rhythm. Patients
will be asked to wear the ZIO® XT patch for a total of
14 days during which it will log their EKG patterns. At
the end of the 14-day period, they will be asked to
remove and return the ZIO® XT patch to iRhythm technologies in the prepaid envelope that will be provided to
them at their clinic visit.
Data and specimen banking

We will store blood and urine samples at a central
laboratory at the University of Pennsylvania and at the
NIDDK storage facility for future studies of kidney
disease, heart disease, and their consequences. They will
be connected to study results only by a unique study
number, which will be assigned to each participant at
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the time of consent. The archived blood and urine samples can be used at any time during the period for more
studies of kidney and heart disease. It is possible that
new tests will be available in the future, which could be
useful in understanding kidney and heart disease.
Researchers who plan to use archived sample for future
scientific study will be required to request and receive
all of the necessary approvals or waivers from the
NIDDK and CRIC study investigators before using the
samples. Samples will only be released to scientists who
are qualified and prepared to conduct a research study.
Data analysis
Analytical plan for first aim

Overview of methods for statistical analysis We plan
to use standard descriptive statistics to characterize the
overall study population and subgroups of interest both
at baseline and during follow-up. Summary statistics
such as means, medians, standard deviations, and ranges
will be produced for measured variables. Frequencies
will be tabulated for categorical and ordinal variables.
Graphical methods will be used to examine distributions,
identify potential influential points, and guide in data
transformations. For outcomes collected longitudinally,
and to examine associations among various measures,
scatterplots and grouped boxplots will be produced to
examine assumptions of linearity, symmetry, and homoscedasticity. For outcome-related analyses, we consider
two primary types of analyses - failure-time analyses and
repeated measures analyses.
Sample size and power considerations for first aim
We can calculate power for each of the analysis types for
this aim. For brevity, we focus on the analyses that will
have the least power to detect differences in outcomes
(i.e., other analyses will be able to detect smaller differences). The analyses that will have the lowest power
relative to the total sample size are those focusing on
failure-time (e.g., CVD and ESRD) effects. For these analyses, power depends on: [1] outcome of interest [2];
baseline progression rate [3]; risk factor distribution [4];
significance level [5]; sample size; and [6] clinically
meaningful effect size. Although we expect that there
may be a number of factors associated with very large
risk differences, we consider two-fold relative differences
in risk to be clinically meaningful. Our proposed center
will recruit 500 diabetic AI, and our primary analyses
will be based on matched comparisons to participants of
specific racial/ethnic backgrounds from the entire CRIC
cohort. As we compare failure-time outcomes between
AIs (n = 500) and another racial/ethnic group, we will
have 80% power to detect HRs of at least 2.0 as long as
we have an average of at least 3 years of follow-up within
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each group, and the lower-risk group has an annual
event rate of at least 0.02 per year. The event rates for
CKD progression observed in CRIC are higher than this:
we expect greater than 95% power to detect HRs of at
least 2.0, and 80% power to detect HRs of at least 1.67.
Our power to detect a significant impact of an exposure
on the HR comparing the AIs to another group will be
lower. Still, if the AI HR is 2.0, with the current non-AI
CRIC event rate in the non-AI group, then we will have
80% power to detect a significant impact of an exposure
on the HR if the exposure reduces the HR by half – the
pre-determined clinically meaningful effect. Therefore,
we will have at least 80% power to detect clinically
meaningful differences in CKD and CVD progression
between AIs and other racial/ethnic groups.
Recruitment site (center) effects There may be systematic differences among participating sites (urban vs
reservation base) in subject mix and methods of treatment. However, only some of these differences are likely
well-characterized. Therefore, we will need to account
for potential center/cluster effects to get appropriate estimates of standard errors, and possibly to control for
confounding by center. We will consider several ways to
account for center in survival models; by fitting mixedor fixed-effects models including separate center-specific
coefficients, by fitting marginal models, and by using
models that stratify on center. For prediction in a wider
population, the centers will not themselves be of interest; thus, we will rely primarily on marginal models
using the robust variance estimator.
Analytical plan for second aim To characterize potential non-linear patterns of CKD progression, we will implement analyses previously described by Li et al. [13]
Briefly, we will initially apply a Bayesian smoothing technique to estimate each patient’s eGFR or proteinuria trajectory as a smooth curve. As such, its slope can be
calculated month by month, accommodating a possible
change in rate of progression over time [13]. We will
then classify patients based on disease trajectory using iterative measures. This can be accomplished using two
approaches. First, we plan to use latent class mixed
effects models [14, 15] as described above. Second, the
Bayesian smoothing technique [13] will allow us to
estimate the “most likely” trajectory by the average of
the generated Monte Carlo curves and the observed
variation in curves around the mean estimated curve.
To quantify intra-individual variability in kidney function or damage, we propose to initially follow the approach previously taken by Al-Aly and colleagues [16].
We will define within-person variability as the coefficient
of variation of a regression line fitted to all of the
monthly fingerstick creatinine-based eGFR or bimonthly
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protein measures for each individual participant. The
general concept of this approach is to calculate the deviation of the measured creatinine-based eGFR, for example, from its fitted value based on a linear regression
model for each participant. This measure of kidney function variability has an advantage because it is normalized
to the average value for each individual, which means it
is a dimensionless metric that can be readily compared
across participants who have different absolute levels of
eGFR [16]. Furthermore, to improve the precision of the
estimation of the intra-individual variability in kidney
function or damage, we can take advantage of using the
previously identified non-linear values while calculating
variability. Depending on the question of interest, and
the focus on either pathophysiology or prediction of disease, we will use logistic, failure-time, repeated measure
or predictive analyses as described above. These measures of kidney function or damage will be defined over
the course of 1 year for individuals, so the outcome assessment period in these models will begin at the end of
the sub-protocol period or AKI episode.
Sample size and power considerations for second aim
are based on the event rates in the parent CRIC study.
As outlined above, a variety of analyses will be performed. We therefore highlight an analysis of particular
interest for this aim: one where we extract classes of
specific nonlinear patterns of kidney function from the
ambulatory monitoring data and then use those classes
to predict differences of eGFR slope in the subsequent
year. For these assessments, the clinically meaningful differences that we hope to detect are one-year eGFR
changes between two non-linear trajectory groups of 5
ml/min/1.73 m2. Even when comparing two groups of
nonlinear kidney function patterns, each comprising
15% of the participants, with 500 participants we will
have greater than 90% power to detect differences in
one-year changes in eGFR of at least 5.0 ml/min/1.73 m2
between groups. This power approximation was accomplished using a two-sided, 0.05 level, two-sample t-test
with groups of 75 individuals each, whose within-person
variability of one-year changes in eGFR was no greater
than 9.05 ml/min/1/73 m2. This demonstrates that with
data from 500 participants we will be able to assess
clinically meaningful questions in this specific aim.
Analytical plans for third aim We will examine the
distribution of newly-identified features related to heart
rate, physical activity and heart rhythm abnormalities
and how they change over time. We will fit linear or
generalized linear mixed models depending on the type
of the measures (either continuous, binary or categorical
form). These models naturally handle multiple repeated
observations from the same individuals by introducing a
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within subject correlation structure. We will use these
models to compare the distribution of different features
across subgroups defined by demographic information
and standard and novel CV risk factors. We are also interested in whether these features are risk factors and
predictive of future clinical outcomes. We will test the
hypothesis whether a candidate predictor is a risk factor
for clinical outcomes including CV events and CKD
trajectories/progression. We will fit Cox proportional
hazards models for survival outcomes, e.g., time to heart
failure (HF) and time to halving of eGFR, ESKD, and
death. We will adjust for confounding factors, including
demographic characteristics and traditional and novel
CV risk factors, in a stepwise fashion. More specifically,
we will start with a model including the candidate predictors derived from the biosensor data and demographic information only. We will then sequentially add
traditional and novel CV risk factors to the model. Statistical issues, including potential violations of the proportional hazards assumption and competing risks due
to death, will be handled in the same way as described
above. We will also evaluate the added predictability of
outcomes beyond standard risk factors. Metrics that will
be used to quantify the added predictability include the
C statistic, Net Reclassification Index, and Integrated
Discrimination Index. Confidence intervals for these
metrics will be derived using cross-validation and bootstrap resampling.
Sample size and power considerations for third Aim:
are based on the event rates in the parent CRIC study.
With 500 participants, we will have 80% power to detect
HRs of 1.82, 1.91, or 2.74 for the risk of HF or atrial fibrillation associated with the presence of specific nonlinear patterns of CV health if these patterns are observed
in 50, 30% or 10% of participants, respectively. As long
as a pattern associated with CV events of CKD progression is present in greater than 10%, we will have statistical power to detect clinically meaningful HRs of 2.0.

Discussion
Knowledge regarding risk factors and trends in the
prevalence of CKD, ESKD and CVD as important causes
of premature morbidity and mortality are crucial for
health care policy and planning. CKD affects approximately 11 to 13% of adult population worldwide [17].
Novel approaches to identify the role of subclinical risk
factors at granular levels for rapid loss of kidney function include the ability to measure the variability of kidney function over time, and to detect occult acute
decrements in kidney function [16].
We will test the prevailing paradigm for kidney disease
progression that kidney function loss occurs at a relatively stable, linear rate [18, 19]. Several recent reports
that have challenged this assumption support our
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hypothesis. The African American Study of Kidney disease and hypertension (AASK) analyzed up to 30 eGFR
readings per participant over 12 years and showed that
nonlinear trajectories were quite common. Many participants had substantial periods of stable or increasing
eGFR, or substantial periods of rapid decrease in eGFR
[20, 21]. Another study demonstrated variable GFR
trajectories in Pima Indians [22]and reported no relationship between early GFR and progression of kidney
disease. These nonlinear trajectories, which are not
commonly assessed in clinical practice may have important prognostic implications. For example, CRIC participants initiating hemodialysis with an antecedent abrupt
decline in kidney function (8.5%) experienced, on
average, a 3-fold higher risk for death within the first
year of dialysis [23]. There is emerging literature
suggesting that, independent of long-term GFR trajectory over time, short-term variations in eGFR are
predictive of kidney disease outcomes [24–26].
In addition, reduced eGFR and increased albuminuria
levels are associated with a higher risk of CVD in
patients with mild CKD [27, 28]. CKD and receiving
maintenance dialysis are major risk factors for CVD
[29], a leading cause of death in the US [30]. IHS data
suggest that CVD mortality rates vary greatly among AI
communities and appear to be increasing. However, relatively few studies have assessed current disparities in
cardiovascular disease in American Indian populations
with CKD and compared trends with other regions of
the United States [31]. In AI-CRIC, we will seek risk factors for higher rates of CKD and CVD and their progression in Southwest AIs, a socioeconomic disadvantaged
population, compared with Caucasians, African Americans and Hispanics participating in CRIC.
Higher mortality rate [32, 33], higher risks of HF [34, 35],
heart rate variability (HRV) [36], peripheral arterial disease
[37–39], and stroke [40] are reported in patients with CKD.
Among CRIC study participants, the overall incidence of
HF was 21.7 per 1000 person-years and 18.6% of participants developed incident peripheral arterial disease during
6.3 years of follow-up [41]. Left ventricular hypertrophy is
very common in CKD patients. CRIC showed that left ventricular mass index was strongly associated with incident
hear failure, even after adjustment for CVD risk factors and
biomarkers [42]. Likewise, CRIC reported that low eGFR
was strongly associated with greater coronary artery calcification and significantly predicted the risk of CVD [43, 44].
American Indian participants in the SHS had a higher
prevalence of sub-clinical cardiac abnormalities on echocardiogram, including left ventricular hypertrophy, left atrial
dilation, and reduced left ventricular systolic and diastolic
function [45]. HRV in a variety of clinical settings has been
used to predict death and HF [46, 47]. To the best of our
knowledge, little is known about the prognostic value of
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biometric monitoring in CKD. In particular, using such
monitoring to detect individuals with limited CV reserve
prior to a CV event may provide novel opportunities to implement preventive interventions. With AI-CRIC, we will
use remote biometric monitoring to measure HRV as an
indicator of limited CV reserve. In the CRIC Study even
limited data showed that HRV is associated with mortality
[48]. Thus, our goal is to test the hypothesis that wearable
biosensor technologies can provide robust measures of
HRV in CKD patients. This test will enable us to detect a
subset of CKD participants at higher risk for HF as candidates to subsequently test the value of intervention
programs.
Many previous studies demonstrated the relationship
between diabetes, obesity, and hypertension in persons
with chronic kidney disease. RAASI treatment correlates
with subsequent reduction in the rate of ESKD [49, 50].
The prevalence of hypertension in CKD varies by race,
etiology of CKD and GFR [5]. Considering the fact that
there are currently no markers available to predict the
subsequent loss of kidney function in AI patients already
treated with RAASi, in the AI-CRIC study we will investigate such markers.
Among AIs, risk factors such as lower socioeconomic
level [51, 52] and exposure to various persistent environmental pollutants [53, 54] become endemic with high
rates of obesity, type 2 diabetes, kidney disease, hypertension and CVD. Socioeconomic disadvantage has not
yet been identified in clinical guidelines as a high-risk
factor warranting screening for CKD, although CKD is
associated with socioeconomic deprivation [55]. In the
US, ESKD incidence and progression is increasing disproportionately in poorer neighborhoods in comparison
with richer ones [52, 56, 57].
Toxic environmental pollutants are frequently found
in minority and disadvantaged communities because of
their greater proximity to landfills and other industrial
waste sites. Environmental exposure to several heavy
metals such as tungsten, uranium, arsenic and cadmium
are associated with a number of health conditions [54],
including diabetes [58], CVD [59], hypertension [60] and
irreversible kidney damages [61]. Exposure to various
contaminants may also be related to the type of work a
person performs. These elements are also found in rural
farming populations such as in AIs of the Southwest US.
In AIs, agricultural work and jewelry making result in
exposure to various heavy metals that may be nephrotoxic. The extent to which environmental/occupational
exposures in AIs contribute to progression of CKD and
CVD remain poorly understood and further studies are
needed. AI_CRIC will investigate whether unique associations between environmental/occupational exposures
and the progression of CKD in AIs are partly responsible
for these differences. In this study, we will monitor
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kidney function by conducting monthly home testing of
fingerstick creatinine concentration using a handheld
device.
Despite the strengths of the study, there are some
potential pitfalls and limitations; we recognize that observed monthly changes in eGFR based on fingerstick
creatinine measures may not reflect actual changes in
underlying kidney function but rather variability in creatinine production. Our plan is to characterize potential
non-linear eGFR trajectories over a 12 month testing
period. With regards to urine albumin/protein excretion
testing using the proposed urine diagnostic testing
methods, there are well-known challenges in standardizing and accurately quantifying the amount of albumin or
total protein by these methods. Nonetheless, the ability
to detect the presence of and changes in semiquantitative measures of urine albumin or protein has
important potential clinical and prognostic implications.
Furthermore, despite any measurement limitations, our
study will provide key insights into the potential bimonthly variability in semi-quantitative urine albumin/
protein excretion within the context of concurrent measures of eGFR. The total period of time during which
each participant will wear the monitors is limited by features of the devices used (data storage capacity of the
Zephyr BioPatch, and battery life in the ZIO XT Patch).
While both devices will be worn long enough to capture
diurnal variations, it is possible that some participants
will wear the devices during periods in which the type
and level of their activities are nonrepresentative. Finally,
a larger number of patients may drop out from the study
than we considered in the power calculations. The dropout rate will be monitored and the enrollment target
may be adjusted upwards.
In conclusion AI-CRIC study will help us to learn
more about ESKD and its progression and relationship
with CVD.
Ethics approval & consent to participate We received
one ethical approval from University of New Mexico Institutional Review Board (UNM-IRB) for all sites participating in this study. We will use the same basic process
to consent participants across all sites. The informed
consent document will be structured such that it enables
potential participants to indicate which aspects of study
they may not be willing to engage in (e.g., genetic study).
The consent will cover all aspects of screening, baseline
testing and subsequent follow-up visits. A separate section and signature page will be required for consent to
collect a blood sample for genetic testing and storage of
DNA.
Investigators and University of New Mexico Institutional Review Board (UNM-IRB) approved research coordinators and/or Community Health Representatives
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will be responsible for obtaining consent. All personnel
obtaining informed consent will have completed Collaborative Institutional Training Initiative (CITI) training,
and received training from the principal investigator (PI)
for consenting procedures in line with the UNM-IRB of
Human Research Protections Office (HRPO) standard
operating procedures (SOP) for Informed Consent titled,
“SOP: Written Documentation of Consent (HRP-091)”.
A document of informed consent will be used for this
study. A copy of the signed/dated informed consent
form will be given to the subject.
We obtained Letters of Support from Zuni Comprehensive Community Health Center - Indian Health Services, First Nations Community Health Source, Pueblo
of Zuni Tribal Governor, and NIDDK, NIH Phoenix.
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