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ABSTRACT

BACKGROUND: Osteoporotic fracture prediction cal-
culators are poorly utilized in primary care, leading to
underdiagnosis and undertreatment of those at risk for
fracture. The use of these calculators could be improved
if predictions were automated using the electronic
health record (EHR). However, this approach is not well
validated in multi-ethnic populations, and it is not clear
if the adjustments for race or ethnicity made by calcula-
tors are appropriate.

OBJECTIVE: To investigate EHR-generated fracture
predictions in a multi-ethnic population.

DESIGN: Retrospective cohort study using data from
the EHR.

SETTING: An urban, academic medical center in Phila-
delphia, PA.

PARTICIPANTS: 12,758 White, 7,844 Black, and 3,587
Hispanic patients seeking routine care from 2010 to
2018 with mean 3.8 years follow-up.
INTERVENTIONS: None.

MEASUREMENTS: FRAX and QFracture, two of the
most used fracture prediction tools, were studied. Risk
for major osteoporotic fracture (MOF) and hip fracture
were calculated using data from the EHR at baseline and
compared to the number of fractures that occurred dur-
ing follow-up.

RESULTS: MOF rates varied from 3.2 per 1000 patient-
years in Black men to 7.6 in White women. FRAX and
QFracture had similar discrimination for MOF predic-
tion (area under the curve, AUC, 0.69 vs. 0.70, p=0.08)
and for hip fracture prediction (AUC 0.77 vs 0.79,
p=0.21) and were similar by race or ethnicity. FRAX
had superior calibration than QFracture (calibration-
in-the-large for FRAX 0.97 versus QFracture 2.02). The
adjustment factors used in MOF prediction were gener-
ally accurate in Black women, but underestimated risk
in Black men, Hispanic women, and Hispanic men.
LIMITATIONS: Single center design.

CONCLUSIONS: Fracture predictions using only EHR
inputs can discriminate between high and low risk
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patients, even in Black and Hispanic patients, and could
help primary care physicians identify patients who need
screening or treatment. However, further refinements
to the calculators may better adjust for race-ethnicity.
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INTRODUCTION

Osteoporosis is a systemic skeletal disease characterized
by reduced bone strength and pre-disposition to fracture !.
Osteoporosis leads to two million fractures per year in the
United States alone, resulting in pain and disability, and 54
million people in the United States have low bone density or
osteoporosis 2. Despite this morbidity, osteoporosis is usu-
ally not diagnosed or treated and, even after a hip fracture,
only 3.3% of patients receive osteoporosis therapy . Many
patients never receive bone density screening or treatment,
despite a high risk of fracture. Fracture risk is multi-faceted
and includes risk factors including age, gender, prior frac-
ture, co-morbid conditions, medication use, etc *. There are
several fracture risk calculators available, such as the Frac-
ture Risk Assessment Tool (FRAX) and QFracture. These
calculators provide the risk of major fracture based on an
individual’s risk factors and have been well validated, even
without bone density testing °.

Unfortunately, osteoporosis and fracture risk are often not
considered in busy primary care practices, leading to large
numbers of osteoporotic fractures that could have been pre-
vented with appropriate diagnosis and treatment '. The elec-
tronic health record (EHR) provides a unique opportunity
to automate the identification of patients who are at risk of
fractures within a primary care provider’s regular workflow.
However, there is relatively little data about the ability of the
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EHR to identify patients at risk of fracture using currently
available risk calculators. FRAX was derived from prospec-
tive, international cohorts using demographics, body mass
index or bone density, and questionnaires, while QFracture
was derived in the U.K., largely from EHR data 7. While
FRAX has been previously validated using an EHR, this was
done only in a large health fund in Israel ®. Given that FRAX
and QFracture were developed and validated predominantly
outside of the U.S., it is important to examine their perfor-
mance in a U.S. population, where there is greater racial and
ethnic diversity.

Both FRAX and QFracture adjust the predicted risk by
race or ethnicity. The use of race and ethnicity in medical cal-
culators has come under scrutiny. Indeed, many of the differ-
ences seen in medicine that are attributed to race are related
to historical and current social inequities and institutional
racism. However, osteoporosis and fragility fractures stand
out from many other areas of medicine. The rate of fracture
varies widely throughout the world °. In the United States,
while there are still disparities in post-fracture care, both
Black and Asian patients fracture less than White patients,
not more ' !!, Studies examining bone structure suggest sig-
nificant differences in elements of bone microarchitecture by
race or ethnicity that are poorly captured by bone mineral
density or other clinical variables 12,13 However, there are
very few studies validating fracture calculators in diverse U.S.
multi-ethnic cohorts and none, to our knowledge, using the
EHR. One of the largest of these studies, using data from the
Women’s Health Initiative (WHI), found that predictions by
FRAX in African American and Hispanic women were no
better than chance in those aged 50-64 ',

It is clear, therefore, that further study of fracture risk cal-
culators is warranted, especially in racial and ethnic minori-
ties in the U.S. If fracture calculators could be automated into
U.S. EHRs, it would be helpful in both reducing the osteo-
porosis treatment gap overall and reducing racial disparities
in osteoporosis screening and treatment, which lags behind
in Black women!>""". Therefore, we sought to first validate
the ability of EHR-derived FRAX and QFracture to identify
patients with high risk of fracture and to determine whether
the current adjustments for race/ethnicity accurately capture
the differences in fracture risk. We used the EHR data from
a primary care population in an urban, tertiary care medical
center with large portions of Black and Hispanic patients.

METHODS

We used routine clinical data from the EHR of Temple
University Hospital in Philadelphia, PA (Epic Systems;
Verona, WI) obtained from encounters between Octo-
ber 1, 2010 and December 1, 2018. Subjects at least 50
years of age were included if they averaged at least 1 visit
per year with a primary care physician (PCP), defined as
either Internal Medicine, Family Medicine, or Gerontology

departments. Subjects were required to have at least 2 full
years of follow-up. Of these two years, the first year was
used for baseline data collection for fracture risk factors
and subsequent time was used for observation of the out-
come (i.e. fractures). Furthermore, because the target cli-
nician population for risk calculators is the primary care
setting, we required common health maintenance measures
as a proxy for subjects receiving their primary care at the
institution. This furthermore helped to signify that some of
the visits were routine (i.e. not problem visits), that health
maintenance could be addressed, and subjects were willing
participants in routine health maintenance.

For women, our inclusion criteria were at least one meas-
urement of LDL and at least one diagnosis code for both
mammogram (ICD-10Z12.31, ICD-9 Z76.12) and vaccina-
tion (ICD-9 V03-V06, ICD-10 Z23). For men, our inclu-
sion criteria were at least one measurement of both PSA and
LDL and at least one diagnosis code for vaccination (ICD-9
V03-V06, ICD-10 Z23). Of note, the screening tests could
have occurred at any time and the actual screen or test (e.g.
mammogram) did not have to be complete in order to be
included in the study. Subjects with missing demographic
data (age, race, or gender) or body mass index (BMI) data
were excluded, given the use of these variables in fracture
risk calculators. We also excluded subjects with a prescrip-
tion for an osteoporosis medication at the time of entry into
the study. If patient was later put on a medication for osteo-
porosis after entry, they were censored at the time of the pre-
scription but earlier data was used. The study was approved
by the Temple University Institutional Review Board (IRB).

Determination of fractures The presence and characteristics
of fractures were determined by the presence of physician-
billing codes (see ICD Coding algorithms in Supplemental
Table 1). Major osteoporotic fractures (MOFs, a composite
of fractures of the wrist, humerus, hip, and vertebrae) and
hip fractures were analyzed separately. As the determina-
tion of vertebral fractures were through physician diagnosis
codes, only clinical vertebral fractures, not morphometric
vertebral fractures, were determined. Fractures temporally
associated within 30 days of trauma codes were excluded,
and we continued to follow these subjects to observe for
non-traumatic fracture. To prevent double counting, subjects
with prior fracture at any individual site (e.g. wrist or lumbar
spine) were not counted as having an incident fracture at the
same site. A subset of 140 random subjects with fracture
codes were examined with 86% accuracy (121/140) for iden-
tifying MOF based on chart review of imaging studies and
physician notes. The most common reasons for erroneous
codes were incorrect site (e.g. hand fracture, instead of wrist
fracture) or pain at the site with a normal imaging study.

Fracture calculators Supplemental Table 2 lists diagnosis
codes and medications used to identify inputs for FRAX
and QFracture for the main analysis. Some variables, such
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as parental hip fracture history or nursing home resident,
were poorly captured using the EHR. Diagnoses for sec-
ondary osteoporosis, which is not precisely defined, were
generated from examples given on the FRAX website and
a publication by the creators of FRAX®. QFracture was cal-
culated using the full algorithm as published in 2012 and
available online'®. The calculator allows for a customized
risk from 1-10 years, which allowed for direct calculation of
each subject’s risk based on the number of years of follow-
up in the study. QFracture allows for “Other Race” which
was used for U.S. Hispanics since they are not otherwise an
option. Of note, the adjustment factors for “Other Race” in
QFracture are numerically similar to the adjustment factors
for U.S. Hispanic in FRAX.

FRAX Multi-entry Desktop was used to calculate the
FRAX 10-year probabilities of major osteoporotic fracture
and hip fracture. Because FRAX requires the race to be
checked as U.S. Whites, Black, Hispanic, and Asian, we
only included White, Black, and Hispanic patients in our
analysis due to the small numbers of Asian patients. We fur-
ther excluded patients who were multi-racial or of unknown
race. We also separately calculated FRAX risk for Black
and Hispanic subjects as if they were White to examine the
adjustment factors used by FRAX. Each subjects’ risk was
adjusted for their years of follow-up by multiplying by the
number of years of follow up divided by 10, as previously
described and validated ® '°. For example, if the 10-year risk
was calculated as 10%, a patient with 3 years of follow up
would be adjusted to 3% risk.

Statistical analysis Subjects were compared across race
or ethnicity on demographic variables, comorbidities, and
predicted fracture risk using pairwise comparisons (t-tests
for continuous variables or Chi-square for categorical vari-
ables). Incident fracture rates were standardized to 1,000
person-years and compared by race-ethnicity. Area under
the Receiver Operating Curves (AUC) was used to com-
pare between FRAX and QFracture’s ability to distinguish
between high and low risk subjects (i.e. discrimination)
using a nonparametric approach 2. Sensitivity, specificity,
positive and negative predictive value were also calculated
for those in the top 1%, top 10%, and top 20% of risk for each
calculator. Calibration was determined by sorting subjects
into deciles (for MOF) or quintiles (for hip fracture) of risk
and comparing predicted vs. observed risk in each group. We
designated quantile 1 as the group with the lowest predicted
risk and increasing quantiles represent groups with escalat-
ing predicted risk. Adjustment factors for race or ethnicity
were calculated by dividing the predicted risk of non-White
individuals by the predicted risk for that individual as if they
were marked as White. While there was slight variation in
the adjustment factor, we used the mean adjustment factor
by race, sex, and fracture site (MOF vs. hip fracture) and
compared to the actual, observed fracture ratio.

Statistical analyses were done in Stata 17.1 (College
Station, TX). We also used Microsoft Excel for Microsoft
365 Build 16.0 (Seattle, WA) to generate some of the fig-
ures. To ensure that performance was not tied to specific
codes used to define FRAX and QFracture, we conducted
sensitivity analyses by evaluating QFracture and FRAX’s
performance when requiring 2 diagnosis codes, instead of
1, for each criteria and when using different definitions
of prior fracture.

RESULTS
Demographics

Table 1 shows the characteristics of the subjects by race/eth-
nicity. The White patients were older, had a higher proportion
of men, and had significantly fewer visits overall. Overall,
the average BMI was in the obese range. Years of follow-up
varied from 1 to 7 years and averaged nearly 4 years. His-
panic patients had the lowest rate of COPD. The Charlson
comorbidity score was significantly higher in Hispanics and
Black subjects compared to Whites. Fracture rates, by race
and sex, are shown in Figure 1. As expected, White women
and men had the highest fracture rates (7.7 and 4.9 per 1,000
person-years, respectively), which was significantly higher
than Black women and men (3.9 and 3.2 per 1,000 person-
years, respectively). Hispanic women and men had intermedi-
ate fracture rates (6.3 and 3.9 per 1,000 person-years, respec-
tively), which did not differ significantly from Whites. The
hip fracture rates followed the same general trends as MOF,
but due to the smaller numbers of events, only Black women
had significantly lower hip fracture rates than White women.

Discrimination, Area Under the Curve,
Sensitivity, and Specificity

Discrimination, or the ability to rank subjects according to
risk, was not significantly different between QFracture and
FRAX. For major osteoporotic fracture, the area under the
curve (AUC) was 0.69 (95% CI 0.67-0.71) for FRAX and
0.70 (95% CI 0.68-0.73) for QFracture (p=0.08 for differ-
ence). For hip fracture the discrimination was overall better
than MOF with the AUC of 0.77 (95% CI 0.72-0.83) for
FRAX and 0.79 (0.74-0.84) for QFracture (p=0.21 for dif-
ference) [see Figure 2A and Supplemental Figure 1A]. Using
the top 1%, 10%, or top 20% as cutoffs for both tools yielded
similar sensitivities, specificities, and positive and negative
predictive values (Supplemental Table 3).

Discrimination, as assessed by the AUC, did not signifi-
cantly differ between races as shown in Figure 2 and Supple-
mental Figure 1. Discrimination did not significantly differ
by age group.



3454 Jain et al.: Electronic Health Records (EHRs) Can Identify Patients at High Risk of Fracture JGIM
Table 1 Demographics, Follow-Up Time and 10-Year Fracture Risks

White (12,758) Black (7,844) Hispanic (3,587)
Age 64.5+9.9 61.2+93 60.2 + 8.7
Male 53.1% 35.1% 44.9%
BMI 303 +64 323+7.6 309+ 6.4
Average visits per year 48+4.1 72+62 7.0+£52
Average years of follow-up 3.7 £ 1.8% 39+1.38 3.7 £ 1.8%
Prior fracture (any) 5.0% * 4.0% 4.9%*
Chronic obstructive pulmonary disease 9.2% 10.3% 6.3%
Steroids, 3 months of use 0.5%* 0.9% 0.5%%*
Rheumatoid arthritis 1.3%* 1.6%* 1.6%*
Secondary osteoporosis 18.6% 22.1% 20.2%
Charlson Comorbidity Score 0.6 +1.0 1.1+1.6 09+14
10-year QFracture Risk of MOF 4.7% + 5.4% 22%+2.5% 2.4% +2.6%
10-year FRAX Risk of MOF 7.5% + 5.0% 3.0% +2.1% 3.5% +22%
10-year QFracture Risk of Hip Fracture 23% +4.7% 0.6% + 2.0% 0.9% +2.0%
10-year FRAX Risk of Hip Fracture 1.9% + 3.0% 0.6% + 1.0%* 0.6% + 1.1%*

Values marked with astericks (*) do not significantly differ

Cadlibration

Calibration, or the agreement between the predicted risk
and observed outcomes, was superior for FRAX compared
to QFracture for MOF (calibration-in-the-large, or observed
to predicted ratio, for FRAX 0.97 vs. QFracture 2.02). For
QFracture, prediction was lower than observed for all risk
groups though this was less pronounced in the highest risk
groups (Table 2). For FRAX, observed-to-predicted was
close to 1 for most risk groups though there was some over-
estimation of risk in the highest risk group (See Table 2,
Supplemental Figure 2). For hip fracture, there was overes-
timation of risk in the highest risk groups for both QFrac-
ture and FRAX (See Table 2, Supplemental Figure 3).
Supplemental Table 4 shows the performance of the
calculators in different age groups. For MOF, there was

Fracture Rate by

underestimation of risk in the youngest age groups for
QFracture, which substantially improved in the older age
groups. FRAX also showed underestimation in the 50-59,
slight overestimation in 60-79, and then nearly perfect
calibration in age 80+. For hip fracture, there was slight
underestimation in age 50-59 for both tools (albeit very
low event rate), good calibration for QFracture in age
60-69, and overestimation in the other age groups for both
tools.

Adjustment Factors for Race or Ethnicity

Both risk calculators apply an adjustment factor for race or
ethnicity to the score as calculated for Whites (rather than
provide a separate calculator for each race). For example, if
a White subject’s fracture risk is calculated as 10% and the
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Figure 2 Receiver Operating Curves (ROCs) for major osteoporotic fracture A) in the overall cohort, B) By Race for QFracture, and C)
By Race for FRAX.

adjustment factor for that calculator was 0.5, a Black patient
with equivalent risk factors would be calculated at 5%. We
examined these adjustment factors for race or ethnicity in
FRAX and QFracture to the actual, observed fracture rates
(i.e. fracture rate in Black or Hispanic divided by fracture

rate in White; Fig. 3). For both calculators, MOF adjustment
factors for Black women were accurate (observed: 0.51 ver-
sus adjustment factors: 0.45 and 0.48 for FRAX and QFrac-
ture, respectively); however, adjustment factors underesti-
mated risk in Black men, Hispanic women, and Hispanic

Table 2 Calibration for QFracture and FRAX MOF and Hip Fracture Prediction by Risk Quantile

QFracture FRAX
Quantile Number Fracture Mean Pre- Observed to Number Fracture Mean Pre- Observed to
of people Rate (%) dicted Risk Predicted of people Rate (%) dicted Risk Predicted
(%) Ratio (%) Ratio
MOF 1 2419 0.25 0.07 35 2421 0.21 0.26 0.8
2 2419 0.58 0.15 39 2418 0.62 0.51 1.2
3 2419 0.83 0.23 3.6 2430 0.74 0.74 1.0
4 2419 1.32 0.32 4.1 2411 1.37 0.98 1.4
5 2419 1.28 043 3.0 2416 1.49 1.27 1.2
6 2419 1.94 0.58 33 2421 1.94 1.61 1.2
7 2419 2.03 0.80 2.5 2418 2.48 2.03 1.2
8 2419 2.89 1.13 2.6 2419 2.56 2.58 1.0
9 2419 2.77 1.75 1.6 2417 3.23 347 0.9
10 2418 5.54 4.17 1.3 2418 4.80 6.56 0.7
Hip Fracture 1 4838 0.02 0.009 23 4896 0.04 0.02 1.8
2 4838 0.06 0.03 1.8 4942 0.08 0.07 1.2
3 4838 0.13 0.09 1.7 4694 0.13 0.15 0.9
4 4838 0.33 0.22 1.5 4840 0.33 0.35 0.9
5 4837 0.75 1.34 0.6 4817 0.79 1.67 0.5

MOF, Major osteoporotic fracture

Quantile 1 is the group with the lowest predicted fracture risk, and increasing quantiles represent increasing predicted fracture risk.
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men (observed: 0.65-0.82 versus adjustment factors: 0.42-
0.64). For hip fracture, adjustment factor for Black women
for FRAX was accurate (observed: 0.47 versus adjustment
factor: 0.45), but there was underestimation of hip fracture
in Black and Hispanic men (observed: 0.75-0.90 versus
adjustment factors: 0.42-0.56). For QFracture, adjustment
factor for Black women substantially underestimated risk
(observed: 0.47 versus adjustment factor: 0.10), though was
relatively accurate for the other groups.

Sensitivity Analysis

We re-calculated QFracture and FRAX while requiring 2 diag-
nosis codes for each criteria, instead of 1, and there was no
significant differences in area under the curve for either MOF
or hip fracture prediction (all AUCs within 0.01 of the origi-
nal analysis). We also examined FRAX while limiting prior
fractures to prior non-traumatic, prior MOFs, or with exclu-
sion of hand and foot fractures--again, there was no significant
difference in performance. We also calculated QFracture and
FRAX in subjects using a 2 year lookback to determine the
calculator criteria, instead of just 1 year (in n=21,998 subjects
with at least 2 years of lookback and 1 year of follow-up data),
and performance was nearly identical (AUC for MOF: 0.68 for
FRAX vs. 0.69 QFracture; for hip fracture, 0.78 for FRAX,
0.80 for QFracture, p=0.14 and 0.34, respectively).

DISCUSSION

This is the first study to demonstrate that FRAX and QFrac-
ture derived from the EHR of a large urban medical center
can accurately discriminate between high and low fracture
risk subjects receiving primary care in the U.S. Furthermore,
our study includes Black and Hispanic subjects and men
which have usually been under-represented in osteoporosis
risk investigations. This is a crucial finding that supports
routine fracture risk assessment for primary care physicians
without any manual effort. These findings also support the

Adjustment Factor for Race compared to White
vs. Observed for MOF Prediction
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Adjustment Factor for Race

use of the EHR in population health management approaches
to facilitate care of patients at high risk of fracture. These
strategies could greatly increase targeted osteoporosis
screening and treatment and improve patient outcomes.
However, we found that the adjustments for race built in
FRAX and QFracture did not provide accurate prediction in
our population especially in Hispanic subjects and men. This
suggests that integration of fracture calculators into the EHR
would require local and race-specific calibration.

The discrimination for the two fracture calculators was
reasonable and largely in-line with prior studies °. Since we
used the EHR to capture all inputs for both calculators, this
approach could allow for automation of fracture risk predic-
tion. A National Institute of Health Pathways to Prevention
Workshop wrote that “Inadequate time is most likely the
biggest contributing factor to the lack of attention to osteo-
porosis among primary care physicians,” . It is uncertain
how many primary care physicians routinely use fracture risk
calculators given the time it requires, and our study validates
the use of EHR-generated fracture prediction. Since QFrac-
ture is freely available, it may be logistically easier to include
in an EHR system, though it requires more significant re-cal-
ibration than FRAX to account for underestimation of risk.

Automated fracture risk calculation could improve
osteoporosis screening in several ways. For example, frac-
ture risk calculations could be directly integrated into the
EHR—allowing primary care physicians to be alerted at the
point of care for patients at high risk of fracture. However,
the exact approach would need to be tested, as many EHR
alerts are simply ignored due to “alert fatigue,” 2!. There
may be alternative effective approaches—for example, one
study demonstrated that physicians responded to dashboards
that compare their statin prescribing rates to their peers, and
a similar system for bone density screening rates could be
effective 2. Healthcare system approaches, such as targeted
outreach to patients at high risk, may also be appropriate.

Our study is one of the largest validations of FRAX and
QFracture in U.S. minority populations. FRAX was derived

Adjustment Factor for Race Compared to White vs.
Observed for Hip Fracture Prediction

Black Men Black Women Hispanic Men Hispanic Women

HObserved M FRAX mQFracture

Figure 3 Adjustment Factors for Race vs. Observed for A) Major Osteoporotic Fracture and B) Hip Fracture.
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from prospective cohort studies across North America,
Europe, and Asia, but there was only 1 U.S. site (Rochester,
MN) and few U.S. minorities were part of the original deri-
vation 23, FRAX adjusts its estimates in Black and Hispanic
patients based on fracture rates in the U.S., though what
data are used for the adjustments is not clear. The inclusion
of race or ethnicity in medical algorithms is controversial,
and our study addresses the need to evaluate fracture algo-
rithm performance in multiethnic populations 2*. In prior
studies of the Women’s Health Initiative (WHI), FRAX per-
formed poorly in Black and Hispanic women, especially in
younger, premenopausal women '+ 2% 2% In our study, FRAX
and QFracture had good discrimination in Black and His-
panic patients and was comparable to that of White patients.
The study population of WHI is healthier than our clinical
population, which might explain the differences between our
results and WHI. In particular, the WHI excluded patients
with substantial comorbidities or contraindications to estro-
gen use, such as breast cancer, acute myocardial infarction,
stroke, severe hypertension, dementia, and alcoholism 27,

We did find underestimation of risk in younger patients
aged 50-59 though discrimination did not differ by age
group. Validation studies of fracture calculators in this age
group have had conflicting findings. In the WHI, discrimi-
nation of FRAX and Garvan were poor for younger pre-
menopausal women, but the calibration for FRAX appeared
to be good '*. In other U.S. and European cohorts, fracture
calculators have shown both good and poor calibration
28-31 This age group may be challenging for fracture calcu-
lators to predict due to low fracture rates at the population
level. Studies of clinical or “real world” populations, such as
ours, may be enriched with younger patients with many risk
factors for fracture, including those that are not accounted
for by risk calculators.

Our study demonstrated that the adjustment factors for
Hispanic patients generally underestimated risk. Of note,
QFracture, which was derived in the United Kingdom, does
not have a specific designation for Hispanics so “Other
Race” was used. In the United States, observed fracture rates
in Hispanic subjects have not been consistent across studies.
In the WHI, Hispanic women fractured at nearly half the
rate of White women (which is similar to FRAX’s adjust-
ment), while in the National Osteoporosis Risk Assessment
(NORA) study, Hispanic women fractured at the same rate as
White women ' !, Tt is not clear if the difference in results
was related to differences in the study population, the use of
estrogen in WHI, intra-ethnicity variation, or another reason.
In our study, like NORA, fractures rates in Hispanic women
were similar to White women. Further work is needed to
accurately define the fracture rates of Hispanic people in the
United States and better understand the reasons for differ-
ences between studies.

We also found that the fracture rates in minority men
were higher than predicted. There is far less data about

fragility fractures in minority men than women. The large,
prospective studies that examined fracture risk in racial-
ethnic minorities (WHI and NORA) were done exclusively
in women. While there have been major studies that have
improved our knowledge base about fracture risk in men in
general, such as the MrOS studies, even these studies include
few Black or Hispanic men (244 Black men, 127 Hispanic
men) 32 Given the lack of data, it is not clear if adjust-
ments in FRAX are extrapolated from differences in rates in
women. In contrast, QFracture’s derivation did include over
25,000 Black subjects, of which about 50% of their overall
population was male. It is of note then that the adjustments
in Black men made by QFracture for MOF and hip fracture
were closer to the observed rates than FRAX.

Underestimation of fracture risk in Black and Hispanic
patients could also be related to differences in health status
of the minority populations, which may not be adequately
captured by the fracture calculators. The Black and Hispanic
subjects had different characteristics, including age, gender,
and higher comorbidity burdens, as measured by the Charl-
son Comorbidity Score. However, the fracture calculators
already contain age, gender, and co-morbid conditions and
should account for their effects on fracture risk. Therefore,
our analyses of calculator performance by race-ethnicity
should not have substantially been impacted by the differ-
ences in characteristics. For example, the adjustment factors
for Black women for FRAX performed very well despite
this difference. It may be that adjustment factors for Black
women are particularly suitable given there are more pro-
spective fracture studies in Black women than Hispanic sub-
jects or Black men, such as the Study of Osteoporotic frac-
tures **. Our results also suggest that some of the risk factors
in the Charlson Comorbidity Score not already in FRAX or
QFracture could improve fracture prediction. Other variables
in the EHR, including healthcare utilization or lab values,
may also improve predictive ability, and an EHR-optimized
fracture tool may be worthy of investigation.

There are limitations to our study. First, this was a single
center study, and our results may not be generalizable to
other medical centers, especially those in non-academic or
rural settings. Second, we did not use bone mineral density
for FRAX prediction, which is known to improve FRAX’s
performance >. Only a small minority of subjects in the study
had BMD testing available. However, this is also a strength
of our study: if integrated into an EHR, automated fracture
risk calculation could be used to identify those who need
BMD testing, rather than requiring BMD testing already be
done. Third, we used the EHR to identify fractures and all
risk factors. Some risk factors were approximated or poorly
captured. However, while this could be seen as a ‘limitation’,
the fact that the calculators still performed reasonably well is
evidence that it was likely not a substantial limitation. Also,
because all fractures were obtained from the EHR, some
fractures may have been missed, and this may have been
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more of an issue for fractures that affect ambulation, such as
a hip fracture, and impede the ability to seek outpatient care.
A possible final limitation is that we chose a primary care
population based on visits and health screenings with long-
term follow up. We chose this population both because they
would be the best candidates for automated fracture screen-
ing and because they reliably followed up, which allowed us
to accurately capture fractures that occurred in follow up. It
is possible these criteria screened for healthier patients (i.e.
“healthy user bias”) or reflect implicit racial bias related to
healthcare access disparities ** *°>. However, the institution
serves a diverse population, and minorities still comprised
of nearly half the study population. Further, the criteria may
screen out patients who did not undergo vaccine adminis-
tration but would have accepted osteoporosis screening or
treatment. The PSA screening criteria in men may also have
excluded otherwise appropriate subjects since PSA testing
recommendations have changed over the years, and testing
may have been withheld even in patients otherwise receiving
health maintenance %%,

Our study has notable strengths. To our knowledge, it is
the first study to demonstrate that the EHR can be used to
identify patients who are at risk of fracture and need a more
aggressive diagnostic and therapeutic approach. In addition,
this is one of the largest evaluations of FRAX and QFrac-
ture in U.S. Black and Hispanic subjects, including relatively
large numbers of men. We demonstrated that these tools
are valid using EHR data, which supports the calculation
of automated fracture risk calculation in EHR systems. We
conducted several sensitivity analyses that demonstrated the
results were not related to specific diagnosis codes or the
lookback time used in derivation of QFracture or FRAX.
We also used the genuine algorithm for FRAX rather than
estimating FRAX risk as has been done previously ®.

Overall, our study validates the use of EHR-generated
fracture predictions in the United States for the first time
and adds to the evidence base for the use of race or ethnicity
in fracture risk calculators. Our study demonstrates that EHR
inputs allow automated fracture risk prediction that provides
good discrimination over several years of follow-up without
patient or provider effort. The calculators performed well
in a clinical population with high rates of comorbid disease
and with substantial racial-ethnic variation in fracture rates.
While there were problems with calibration and these cal-
culators could better account for race or ethnicity, overall,
our study demonstrates that the inclusion of race improved
fracture prediction and could help target those in need of
osteoporosis screening or treatment.
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