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Abstract

Summary There is no consensus on which tool is the most accurate to assess fracture risk. The results of this systematic review
suggest that QFracture, Fracture Risk Assessment Tool (FRAX) with BMD, and Garvan with BMD are the tools with the best
discriminative ability. More studies assessing the comparative performance of current tools are needed.

Introduction Many tools exist to assess fracture risk. This review aims to determine which tools have the best predictive accuracy
to identify individuals at high risk of non-traumatic fracture.

Methods Studies assessing the accuracy of tools for prediction of fracture were searched in MEDLINE, EMBASE, Evidence-
Based Medicine Reviews, and Global Health. Studies were eligible if discrimination was assessed in a population independent of
the derivation cohort. Meta-analyses and meta-regressions were performed on areas under the ROC curve (AUCs). Gender, mean
age, age range, and study quality were used as adjustment variables.

Results We identified 53 validation studies assessing the discriminative ability of 14 tools. Given the small number of
studies on some tools, only FRAX, Garvan, and QFracture were compared using meta-regression models. In the unad-
justed analyses, QFracture had the best discriminative ability to predict hip fracture (AUC = 0.88). In the adjusted analysis,
FRAX with BMD (AUC=0.81) and Garvan with BMD (AUC =0.79) had the highest AUCs. For prediction of major
osteoporotic fracture, QFracture had the best discriminative ability (AUC =0.77). For prediction of osteoporotic or any
fracture, FRAX with BMD and Garvan with BMD had higher discriminative ability than their versions without BMD
(FRAX: AUC =0.72 vs 0.69, Garvan: AUC =0.72 vs 0.65). A significant amount of heterogeneity was present in the
analyses.

Conclusions QFracture, FRAX with BMD, and Garvan with BMD have the highest discriminative performance for predicting
fracture. Additional studies in which the performance of current tools is assessed in the same individuals may be performed to
confirm this conclusion.
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Introduction architecture resulting in reduced bone strength and, consequent-

ly, an increased susceptibility to fractures [1]. According to
Osteoporosis is a systemic skeletal disease characterized by low  Osteoporosis Canada, at least one third of women and one fifth
bone mineral density (BMD) and deterioration of bone  of men will suffer a fracture from osteoporosis during their
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lifetime [2]. As fractures are associated with a decrease in qual-
ity of life [3, 4] and an increase in premature mortality [5—7],
disability, and financial burden [8], it is important to identify
individuals at high risk of fracture and to provide them with
adequate therapeutic options.

In patients who have not yet suffered a fracture, measure-
ment of BMD by dual-energy X-ray absorptiometry (DXA) is
commonly used to identify those with osteoporosis or low
BMD. However, many studies have shown that BMD mea-
surement alone does not reliably predict if an individual will
experience a fracture [9]. Therefore, predictive tools integrat-
ing numerous risk factors are now recommended in many
clinical guidelines for identifying individuals at high risk of
osteoporotic fracture [10-12].

Some reviews have been performed to assess if the perfor-
mance of available tools is sufficient for practical use [13—16].
However, most of these suffer from a number of important
limitations such as restriction to specific tools [16], restriction
to cohorts of women [14], or assessment of calibration but not
discrimination [15]. In the single study which includes meta-
analyses [13], QFracture was the tool with the highest accu-
racy. However, a high level of heterogeneity was observed,
which indicates that the difference in performance may be
attributable to difference in study characteristics. Meta-
regression models could have been used to adjust for the study
characteristics and increase comparability between the tools,
but the authors did not consider this approach. In addition, the
only review including a meta-analysis was updated in
September 2014 and therefore excluded several important val-
idation studies published in the last few years [17-30]. Given
the low number of studies on some tools, the inclusion of the
most recent validation studies may provide a more accurate
estimation of their performance.

In order to address the limitations of previous reviews and
update available evidence, we performed a systematic review
of the literature to identify all studies assessing the external
validity of a fracture risk assessment tool. The objective of this
review is to determine which tools have the best predictive
accuracy to identify individuals at high risk of non-traumatic
fracture among adults from the general population.

Methods

This systematic review was developed according to recom-
mendations from the Cochrane Handbook for Systematic
Reviews of Diagnostic Test Accuracy [31]. Eligibility criteria,
outcomes, data to be extracted, quality assessment, and statis-
tical analyses were determined a priori and formulated in an
unpublished protocol. The results are presented according to
the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) statement [32].

@ Springer

Eligibility criteria

Prospective and retrospective cohort studies evaluating or
comparing the accuracy of tools for prediction of fracture were
included if predictive accuracy was assessed in a population
independent of the derivation cohort. Internal validation stud-
ies were excluded since the performance of a model tends to be
overestimated when evaluated using derivation data rather than
new data [33]. Studies were eligible if the area under the ROC
curve (AUC) and sufficient information to estimate its standard
error were reported [34]. The validation cohort had to include
adults from the general population. Tools may have been con-
structed to predict an outcome other than fracture (e.g., low
BMD) but should have been validated for fracture prediction.
Cross-sectional and case-control studies as well as validation
studies in which all the participants had a given disease (e.g.,
osteoporosis, cancer) or were on specific medication (e.g., cor-
ticosteroids) were excluded. Studies assessing the ability of a
tool to predict pathological fracture caused by a disease other
than osteoporosis were also excluded. Studies published in any
language, peer-reviewed or not, were included.

Search strategy

The search strategy is based on the strategy of Nayak et al. [15]
and was revised by a professional research librarian (Vicky
Tessier, Institut National de Santé Publique du Québec). The
electronic databases MEDLINE, EMBASE, Evidence-Based
Medicine Reviews, and Global Health were searched via
OvidSP from their inception through August 2017 for valida-
tion studies of fracture risk assessment tools. The search strat-
egy was designed for MEDLINE (Appendix Table 9) and then
adapted for the other databases using a combination of MeSH,
EMTREE, or CAB Thesaurus terms and keywords related to
the terms “fracture,” “osteoporosis,” and “risk prediction
tool.” No filter for diagnostic studies was used in order to
maximize the sensitivity of the search. References from iden-
tified articles and existing reviews were screened. All refer-
ences were imported into EndNote software (version X7.0.2,
Thomson Reuters), and duplicates were removed.

Study selection

Based on the inclusion and exclusion criteria described above,
three reviewers (CB, SJ, and MG) independently screened
titles and abstracts to determine study eligibility. Each article
was screened by two different reviewers. The full text of stud-
ies classified as eligible or unclear were also independently
assessed for final inclusion by two reviewers (CB and SJ).
Disagreements were discussed and, when required, resolved
by a forth reviewer (LM).
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Data abstraction

Data from included studies were extracted separately by two
reviewers (CB and SJ) using previously standardized data
extraction forms piloted on five representative studies.
Extracted information included derivation and validation co-
horts (i.e., country, setting, follow-up period, number of par-
ticipants), participants’ clinical characteristics (i.e., age, gen-
der, treatment for osteoporosis, history of fracture), tool de-
scription (i.e., name, risk factors, osteoporotic fracture defini-
tion, length of the prediction period) as well as performance
measures (i.e., AUC and their standard errors). A formula
from Hanley and McNeil [34] was used to approximate unre-
ported standard errors of AUCs. Some authors were contacted
in order to obtain additional data (i.e., AUCs and their stan-
dard errors).

Quality assessment

Two reviewers (CB and SJ) independently assessed the qual-
ity of selected studies using a checklist derived from the
Quality Assessment of Diagnostic Accuracy Study 2
(QUADAS-2) tool [35], adapted by the project steering com-
mittee (Appendix 2). Disagreements were discussed and,
when required, resolved by the forth reviewer (LM). We con-
sidered that a potential selection bias exists if less than 90% of
eligible patients were included in the analyses [36]. We also
used a rule of thumb of a minimum of 10 events per predictor
to establish sufficient sample size [37, 38].

Data synthesis and analyses
Meta-analyses

To summarize the discriminative ability of each tool from
multiple studies, a summary AUC value was calculated under
a random-effects model using the metafor package of the R
software [39]. An AUC between 0.7 and 0.8 was considered
acceptable, between 0.8 and 0.9 excellent, and higher than 0.9
outstanding [40]. Pooled and individual measures and their
95% confidence intervals (95% CI) were illustrated in forest
plots. Results were presented by length of prediction period
and osteoporotic fracture definition. Heterogeneity was quan-
tified using the /* statistic and the thresholds proposed in the
Cochrane Handbook for Systematic Reviews of Interventions
(0-40%: low, 30-60%: moderate, 50-90%: substantial, 75—
100%: considerable heterogeneity) [41].

Meta-regressions
Meta-regression models were also conducted with the metafor

package, using the AUC as a dependent variable and the tool
as independent variable. With this method, comparison of the

discriminative ability of each tool was performed by consid-
ering the correlation between results from the same study. In
order to improve the comparability of different studies evalu-
ating different tools, some key characteristics of the validation
cohort determined a priori (gender, mean age, age range, and
global study quality) were used as covariables. Age range was
defined as the maximal age value minus the minimal age value
of individuals within a study. In order to achieve model con-
vergence, only the tools for which more than two AUCs were
available were included in the meta-regressions. Residual het-
erogeneity was tested.

Results

Among the 32,167 studies identified using our search strategy,
53 satisfied the eligibility criteria and were included in the
meta-analyses (Fig. 1). Only 44 studies on tools externally
validated more than twice (FRAX, Garvan, QFracture) could
be included in the meta-regression models. The 53 eligible
studies included more than seven million participants from
20 countries in North America, Europe, Africa, Asia and,
Australia (Table 1). Among these studies, only 5 included
exclusively men, 18 included both men and women, and 30
included exclusively women. Mean age varied from 47 to
79 years, age range from 12 (69-81 years in study [18]) to
69 years (30-99 years in study [71]), and mean length of
follow-up from 3 to 11 years.

Among the 53 included studies, 19 were of low quality for at
least three domains of the QUADAS-2 tool and were thus at-
tributed a low overall quality (Appendix Fig. 2). In 17 studies,
more than 10% of data was missing and imputed to a null or
average value. More than 10% of eligible individuals were ex-
cluded from the analysis in 27 studies. Fractures were not con-
firmed using an additional source of data (e.g., radiological
reports, surgical reports, medical records) in 46% of the studies.
Half of the studies had insufficient sample size with less than ten
events per predictor for at least one of the outcomes. For 36% of
the studies, the follow-up time was unknown or different from
the length of the period for which the tool was intended.

In the 53 eligible studies, 14 different tools were validated:
the Fracture Risk Assessment Tool (FRAX), the Garvan
Fracture Risk Calculator (Garvan), the original version of
QFracture (QFracture 2009), the updated version of
QFracture (QFracture 2012), the Fracture Risk Calculator
(FRC), the Women Health Initiative (WHI) hip fracture risk
score, the Osteoporosis Index of Risk (OSIRIS), the
Osteoporosis Risk Assessment Instrument (ORAI), the
Osteoporosis Self-Assessment Tool (OST), the Simple
Calculated Osteoporosis Risk (SCORE), the Fracture and
Immobilization Score (FRISC), the modified version of the
Study of Osteoporotic Fracture (mSOF) frailty index, the
FRActure Health Search (FRA-HS) score, and the Fracture
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Fig. 1 Flow diagram of studies
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32,167 records identified through

database searching:

- 13,189 through MEDLINE and

Evidence-Based Medicine Reviews

- 17,644 through EMBASE
- 1,334 through Global Health

A

21,612 records after
duplicates removed

|

’ 21,612 records screened

H 21,268 records excluded based on titles and abstracts

)

344 full-text publications
assessed for eligibility

291 full-text publications excluded

93 are not validation studies

A 4

57 are not external validation studies

53 studies retained

‘ 19 are not prospective or retrospective cohort studies

6 where the tool is not validated in a general population

!

cohort

53 studies included in the
meta-analyses

23 where the reference standard is not fracture

55 where no AUC is presented

l

38 where the results have been presented in abstracts
or articles already included

44 studies included in the
unadjusted meta-
regression models

38 studies included in the
adjusted meta-regression
models

and Mortality (FRAMO) index. The tools included between 2
(OST) and 30 (QFracture 2012) clinical risk factors (Table 2).
The most common risk factors included in prediction models
were age, weight, and history of fracture. Nine tools were
originally developed to estimate fracture risk (FRAX,
Garvan, QFracture, FRC, WHI score, FRISC, FRA-HS,
FRAMO); four tools were developed for identification of pa-
tients with low BMD (OSIRIS, ORAI, OST, and SCORE);
one estimated risk of death (FRAMO), and one was conceived
to assess frailty (mSOF). The risk of fracture was estimated on
prediction periods between 1 and 10 years.

Performance of tools to predict hip fracture

In the 37 studies included in the meta-analyses on the perfor-
mance of tools for prediction of hip fracture (Table 3), AUCs
were available for FRAX, Garvan, QFracture 2009, QFracture
2012, FRC, WHI score, FRA-HS, and FRAMO. The discrim-
inative ability of the tools was acceptable or excellent, with
AUC:s varying between 0.70 (Garvan without BMD) and 0.88
(QFracture 2009). Heterogeneity between AUCs was consid-
erable for most tools. Only FRAX, Garvan, and QFracture

@ Springer

could be compared through meta-regression models
(Table 4). In the unadjusted model, Garvan without BMD
had the lowest discriminative ability (AUC [95% CI]=0.72
[0.66, 0.78] for 10-year prediction) and QFracture 2009 had
the highest (AUC [95% CI] = 0.88 [0.86, 0.89]). After adjust-
ment for the study characteristics, Garvan without BMD still
had the lowest discriminative ability (AUC [95% CI]=0.70
[0.64, 0.76] for 10-year prediction), but QFracture 2009 was
not superior to the other tools. AUCs were significantly higher
when BMD was used in combination with other risk factors to
predict hip fracture. AUCs were significantly lower in studies
with higher mean age (mean decrease [95% CI] in AUC of
0.0043 [0.0017, 0.0068] for every 1-year increase in the mean
age, p =0.0010) and lower age range (mean increase [95% CI]
in AUC of 0.0026 [0.0007, 0.0045] for every 1-year increase
in the age range, p =0.0076). AUCs tend to be lower in co-
horts of men than women (mean difference [95% CI] of
0.0122 [-0.0200, 0.0445] between both sexes, p = 0.46), but
the difference did not reach statistical significance. No signif-
icant association was detected between AUC and study qual-
ity. A significant amount of residual heterogenity was present
in the adjusted model (» <0.0001).
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Table 1 (continued)

Sex Mean age

Number of

Mean follow-up

Type

Years of

Validation cohort

Countries

Studies

(min—max) (years)

participants

of study (min—max) (years)

follow-up

64.4 (50-90),
64.0 (50-90)

57.7 (40-NA)

55.1 (50-66)

13,585
82,242

15,432,
499

W, M
4

NA (NA-10.0)

R
P

2003-2015

“Mille in Rete” database

Italy

Francesco 2017 [25]
Sundh 2017 [23]

1980-1993 10.0 (NA)

Prospective Population Study

Sweden

of Women in Gothenburg
Patients insured under a large

W, M 61.0 (50-NA)

6000

NA (NA-10.0)

NA

Israel

Goldshtein 2016 [20]

Israeli health fund
Fujiwara-kyo Osteoporosis Risk

73.0 (65-NA)

M

1805

4.5% (NA)

P

2007-2014

Japan

Iki 2015 [17]

in Men Cohort Study
Kuopio Osteoporosis Risk Factor

NA (NA) 2755 w 59.1 (53-66)

P

1994-2004

Finland

Sund 2014 [79]

and Prevention Study
National Swedish Population

78.8 (70-100)

Y

1248

NA (NA-2.0)

R

2002-2003

Sweden

Albertsson 2007 [80]

Register

*Median is presented instead of mean

P prospective, R retrospective, W women, M men, NA unavailable data

Performance of tools to predict FRAX-defined major
osteoporotic fracture or QFracture-defined
osteoporotic fracture

In the 34 studies included in the meta-analysis on the
performance of tools to predict FRAX-defined major os-
teoporotic fracture (hip, clinical spine, wrist, or humerus)
or QFracture 2009—defined osteoporotic fracture (hip, ver-
tebral, or wrist) or QFracture 2012—defined osteoporotic
fracture (hip, vertebral, humerus, or wrist) (Table 5), AUC
was presented for 11 tools (FRAX, Garvan, QFracture
2009, QFracture 2012, FRC, OSIRIS, ORAI, OST,
SCORE, FRISC, FRA-HS). The discriminative ability of
the tools was low to acceptable (AUC between 0.63 and
0.79). Heterogeneity in AUC values was again substantial
for most tools (/7 between 71.5 and 99.7%). In both un-
adjusted and adjusted meta-regressions (Table 6),
QFracture 2009 was the tool with the best discriminative
ability. The version of FRAX including BMD had signif-
icantly greater discriminative ability than the version
without BMD. Performance was significatively lower in
validation studies including men exclusively (mean differ-
ence [95% CI] in AUC of 0.0445 [0.0154, 0.0735] be-
tween both sexes, p=0.0027). No significant association
was detected between AUC and mean age, age range, or
study quality. Meta-regression model accounting for gen-
der, mean age, age range, and study quality did not
completely explain heterogeneity (p <0.0001).

Performance of tools to predict Garvan-defined
osteoporotic fracture, fragility fracture, or any
fracture

Only 11 studies were included in the meta-analyses on
the performance of tools to predict Garvan-defined oste-
oporotic fracture (hip, clinical spine, wrist, humerus, me-
ta-carpal, scapula, clavicle, distal femur, tibia/fibula, pa-
tella, pelvis, or sternum), fragility fracture, or any frac-
ture. These studies evaluated the discriminative ability of
FRAX, Garvan, OSIRIS, OST, ORAI, and SCORE. The
discriminative ability was low (Table 7), with AUCs be-
tween 0.60 (FRAX without BMD) and 0.69 (ORAI and
SCORE). In both unadjusted and adjusted meta-
regression models (Table 8), discriminative ability was
significantly higher for FRAX and Garvan with BMD
than for FRAX and Garvan without BMD. AUCs signif-
icantly decreased with mean age of the validation cohort
(mean decrease [95% CI] in AUC of 0.0085 [0.0008,
0.0161] for every l-year increase in the mean age, p =
0.03), but did not change significantly with age range,
gender, or study quality. A significant amount of hetero-
geneity remained after adjustment for the characteristics
of the studies (p =0.0033).

@ Springer
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Table 3
heterogeneity

@ Springer

Summary AUCs for prediction of hip fracture, results of meta-analyses. AUC area under the ROC curve, CI confidence interval, > measure of

Tool Study AUC [95% CI]
Ensrud 2009 0.75[0.73, 0.77)
Leslie 2010 0.83 (0.81, 0.85]
Tamaki 2011 0.88 [0.73, 1.00]
Pressman 2011 0.84[0.83,0.85]
Bolland 2011 0.70 [0.63, 0.77)
Zhang 2011 0.75 [0.68, 0.82]
Cheung 2012 0.88 (0.82, 0.94]
Czerwinski 2013 0.71[0.61,0.81)
FRAX with BMD Ettinger 2013 0.77 (0.73,0.81)
(10-year prediction) Yu 2014 (Men) 0.76 [0.69, 0.83]
PLoiom Yu 2014 (Women) 0.76 [0.69, 0.82]
van Geel 2014 0.70 [0.46, 0.93]
Sund 2014 0.76 (0.67, 0.85]
Lundin 2015 0.59 [0.50, 0.68)
Goldshtein 2016 0.78 (0.74, 0.81]
Holloway 2016 0.85[0.72, 0.98)
Azagra 2016 0.86 [0.77, 0.94]
Orwoll 2017 (Sweden) 0.72[0.68, 0.76]
Olmos 2017 0.85[0.79, 0.91]
Summary 0.78[0.75, 0.81] E B
Ensrud 2009 0.71[0.68, 0.73] =
Hundrup 2009 0.82[0.78, 0.85] ——
Hippisley-Cox 2009 (Men) 0.82 [0.80, 0.83] <o
Hippisley-Cox 2009 (Women)  0.85 [0.85, 0.85] &
Yun 2010 0.64 [0.60, 0.68] ——
Leslie 2010 0.79 [0.78, 0.81] <
Sambrook 2011 0.78 [0.72, 0.84] — =
Pressman 2011 0.83 [0.82, 0.84] <o
Tamaki 2011 0.86 [0.68, 1.00] ——
Bolland 2011 0.69 [0.63, 0.76] — =
Cheung 2012 0.90 [0.83, 0.97] ——
Gonzélez-Macias 2012 0.64 [0.56, 0.72] —
FRAX without BMD Ettinger 2013 0.69 [0.64, 0.74] ——
(10-year prediction) Czerwinski 2013 0.67 [0.58, 0.78] — ——
p Yu 2014 (Men) 0.70 [0.63, 0.78] ——
B Yu 2014 (Women) 0.73 [0.66, 0.80] ——
Sund 2014 0.66 [0.55, 0.77] —_——
Albaba 2014 0.67 [0.56, 0.78] ————>
Friis-Holmberg 2014 (Men) 0.76 [0.66, 0.85] — ——
Friis-Holmberg 2014 (Women)  0.86 [0.82, 0.90] ——
Azagra 2016 0.88 [0.83, 0.94] ——
Klop 2016 0.83 [0.81, 0.85] <
Orwoll 2017 (Sweden) 0.58 [0.53, 0.63] — =
Dagan 2017 0.82[0.81, 0.82] <
Olmos 2017 0.86 [0.80, 0.92] ——
Hoff 2017 (Men) 0.79 [0.76, 0.83] -+o—
Hoff 2017 (Women) 0.81[0.78, 0.83] -
Summary 0.77 [0.73, 0.80] -
FRAX adjusted for TBS Holloway 2016 0.85[0.72, 0.98] —A—
Langsetmo 2011 (Men) 0.85 [0.75, 0.95] ——
Langsetmo 2011 (Women) 0.80 [0.74, 0.86] -——
Garvan with BMD Bolland 2011 0.67 [0.60, 0.75] ——
(e prs e Em) Zhang 2011 0.77 [0.70, 0.84] —o—
Permiies Ahmed 2014 (Men) 0.74 [0.65, 0.82] ——
Ahmed 2014 (Women) 0.73 [0.67, 0.79] ——
van Geel 2014 0.70 [0.46, 0.93] @
Summary 0.76 [0.71, 0.80] -
Garvan without BMD Sambrook 2011 0.76 [0.69, 0.83] +
(10-year prediction) Ahmed 2014 (Men) 0.65 [0.56, 0.74] —I—;—
%o57.4% Ahmed 2014 (Women) 0.68 [0.62, 0.74] ——
- Summary 0.70 [0.64, 0.76] —B—
Garvan with BMD Ahmed 2014 (Men) 0.79 [0.68, 0.90] —_—
(5-year prediction) Ahmed 2014 (Women) 0.78 [0.70, 0.86] +
1’=0.0% Summary 0.78 [0.72, 0.85] ——
Garvan without BMD Dagan 2017 0.78 (0.78, 0.78) A
(5-year prediction) Ahmed 2014 (Men) 0.69 [0.57,0.81) s
P=56.8% Ahmed 2014 (Women) 0.70[0.61, 0.79] —N—
: Summary 0.74 [0.68, 0.80] —h—
Collins 2011 (Men) 0.86 [0.85, 0.86] o
QFracture 2009 Collins 2011 (Women) 0.89 [0.89, 0.89] o
(10-year prediction) Hippisley-Cox 2014 (Men) 0.87 [0.87, 0.88] [6)
1’=98.3% Hippisley-Cox 2014 (Women) 0.89 [0.89, 0.89] o
Summary 0.88 [0.86, 0.89] ®
QFracture 2012 (5-year) Dagan 2017 0.83[0.82,0.83] [ ]
FRC with BMD Lo 2011 0.85 [0.84, 0.86] 1O
(10-year prediction) Ettinger 2012 0.79[0.75,0.83] —
1=86.1% Summary 0.82[0.77, 0.88] ——
FRC without BMD Lo 2011 0.83 [0.82,0.84] y A
(10-year prediction) Ettinger 2012 0.71(0.66, 0.76) —A—!
12=96.0% Summary 0.77 [0.65, 0.89] _—A——
WHI score Robbins 2007 0.80 [0.77, 0.82] -
(5-year prediction) Hundrup 2009 0.83 [0.79, 0.86] —-o—
1=27.7% Summary 0.81[0.78, 0.84] -
FRA-HS (10-year prediction) Francesco 2017 0.85 [0.84, 0.86] [ ]
FRAMO (2-year prediction) Albertsson 2007 0.72 [0.64, 0.81] <o
0.50 0.60 0.70 0.80 0.90 1.00
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Table 4 Summary AUC for prediction of hip fracture, results of meta-regression models

Tools Unadjusted model® Adjusted model®"
n AUC [95% CI] n AUC [95% CI]
FRAX with BMD (10-year prediction) 19 0.79 [0.77, 0.81]>ef 19 0.81[0.78, 0.84]>4<

FRAX without BMD (10-year prediction) 27 0.75 [0.72, 0.79]*F
Garvan with BMD (10-year prediction) 7
Garvan without BMD (10-year prediction) 3
Garvan without BMD (5-year prediction) 3

4

QFracture 2009 (10-year prediction)

24 0.77 [0.73, 0.81]>4<

[

[
0.77[0.73, 0.817" 7 0.79 [0.74, 0.84]°
0.72 [0.66, 0.78]*F 2 0.70 [0.64, 0.76]*<
0.74 [0.72, 0.76]->F 3 0.75 [0.72, 0.79]*°
0.88 [0.86, 0.89]<d-e 4 0.75 [0.68, 0.81]

AUC area under the ROC curve, CI confidence interval, n number of AUCs

# Statistically different from AUC for FRAX with BMD (10-year prediction)

® Statistically different from AUC for FRAX without BMD (10-year prediction)
¢ Statistically different from AUC for Garvan with BMD (10-year prediction)

9 Statistically different from AUC for Garvan without BMD (10-year prediction)
¢ Statistically different from AUC for Garvan without BMD (5-year prediction)

T Statistically different from AUC for QFracture 2009 (10-year prediction)

& Test for residual heterogeneity: p < 0.0001

" Meta-regression model adjusted for gender, mean age, age range, and global quality. AUCs are presented for studies of high quality (score = 9/9) and

cohort of women whose mean age is 65 years and age range is 40 years

Discussion

In this systematic review, we identified 53 external validation
studies assessing the discriminative ability of 14 different tools
for fracture prediction (FRAX, Garvan, QFracture 2009,
QFracture 2012, FRC, WHI hip fracture risk score, OSIRIS,
ORAI, OST, SCORE, FRISC, mSOF index, FRA-HS score,
and FRAMO index). Overall quality was considered as low in
about 35% of studies. Sufficient data allowing comparisons using
meta-regression models was available for FRAX, Garvan, and
the original version of QFracture (QFracture 2009) only. Tools
generally performed better at predicting hip fracture than major
osteoporotic, osteoporotic, or any fracture. In the unadjusted
analysis, QFracture 2009 had the highest discriminative ability
to predict hip fracture, but in the adjusted analysis, FRAX with
BMD (AUC =0.81) and Garvan (AUC = 0.79) with BMD were
the tools with the highest AUCs. QFracture 2009 (AUC =0.77)
had the highest discriminative ability to predict major osteopo-
rotic fracture in both unadjusted and adjusted analyses. For pre-
diction of osteoporotic fracture or any fracture, Garvan with
BMD (AUC =0.72) and FRAX with BMD (AUC =0.72) had
a higher discriminative ability than Garvan without BMD
(AUC =0.67) and FRAX without BMD (AUC = 0.69). AUCs
tend to be higher in women and younger cohorts. For prediction
of hip fracture, AUCs were significantly higher in cohorts with a
broader age range.

Unadjusted analyses

In a recent meta-analysis by Marques et al. [13], QFracture
had higher discriminative ability than FRAX and Garvan in

predicting hip and major osteoporotic fracture. This result is
consistent with the results of our meta-analyses and unadjust-
ed meta-regression models. In the review by Marques et al. as
well as in ours, a high level of heterogeneity was observed.
Heterogeneity in AUCs for a same tool can be attributed to
multiple factors such as level of homogeneity in the charac-
teristics of individuals from the validation cohort (e.g., wide
Vs narrow age range, men or women only vs both sexes) or
study quality (e.g., follow-up approximately the same as the
tool’s prediction period). Given that risk factors for fracture,
their importance, and their prevalence may vary across sub-
groups [16, 81], predictive ability can also differ among sub-
populations (e.g., younger vs older individuals, women vs
men). An important limitation of the unadjusted analyses is
that they compare different tools from different validation
studies without consideration of the study characteristics af-
fecting the predictive ability.

Adjusted meta-regression models

In our review, adjusted meta-regression models were also con-
structed in order to reduce heterogeneity and improve the
comparability of the studies. To the best of our knowledge,
we are the first to use these sophisticated models to compare
the discriminative ability of current fracture risk prediction
tools while adjusting for some key characteristics of the vali-
dation studies. Consistent with the results of Marques et al.,
the results of our adjusted meta-regression models suggest that
QFracture is superior for prediction of major osteoporotic
fracture. However, in contrast to the results of Marques
et al., they do not offer evidence that QFracture is superior

@ Springer
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Table 5 Summary AUC for prediction of FRAX-defined major osteo-
porotic fracture or QFracture-defined osteoporotic fracture, results of me-

spine, wrist, or humerus, QFracture-defined major osteoporotic fracture:
hip, vertebral, or wrist. AUC area under the ROC curve, CI confidence

ta-analyses. FRAX-defined major osteoporotic fracture: hip, clinical

@ Springer

interval, * measure of heterogeneity

Tool

FRAX with BMD
(10-year prediction)
1’=79.5%

FRAX without BMD
(10-year prediction)
1’=96.9%

FRAX adjusted for TBS
(10-year prediction)
1’=71.5%

Garvan with BMD (10-year)
Garvan without BMD (10-year)

QFracture 2009
(10-year prediction)
1’=99.7%

QFracture 2012 (5-year)
FRC with BMD (10-year)
FRC without BMD (10-year)
OSIRIS
ORAI

osT
1°=95.9%
SCORE

FRISC (10-year prediction)
FRA-HS (10-year prediction)

Study AUC [95% CI]
Ensrud 2009 0.68 [0.67, 0.70] [ ]
Sornay-Rendu 2010 0.78[0.72,0.82] i —i
Trémollieres 2010 0.63 [0.56, 0.70] _.‘i'
Cauley 2010 (Caucasian) 0.71[0.69, 0.73] e
Cauley 2010 (Afrian american) 0.69 [0.56, 0.82] ——
Cauley 2010 (Hispanic) 0.68 [0.55, 0.81] —-—
Cauley 2010 (American indian) 0.63 [0.41, 0.85] _._E—
Tanaka 2010 0.70[0.63, 0.77] _';_
Leslie 2010 0.69 [0.68, 0.70]
Tamaki 2011 0.69 [0.61,0.76] +
Bolland 2011 0.64 [0.60, 0.68] -
Henry 2011 0.68 [0.63, 0.73] +
Cheung 2012 0.73[0.68, 0.78] i
Briot 2013 0.66 [0.60, 0.73] +
Czerwiriski 2013 059[0.54,064] |
Ettinger 2013 0.67 [0.64, 0.70] &=
Cordomi 2013 0.61[0.57, 0.65) !
Iki 2015 0.68[0.59,0.78] —a—
Azagra 2016 0.71[0.66, 0.77) T
Goldshtein 2016 0.62 [0.60, 0.64] = 1
Holloway 2016 0.74 [0.66, 0.82] T
Su 2017 (Men) 0.68 [0.63, 0.73] +
Su 2017 (Women) 0.63[0.59, 0.67) -
Orwoll 2017 (Sweden) 0.65 [0.62, 0.68] =
0Olmos 2017 0.69 [0.63, 0.75] ——
Summary 0.67 [0.65, 0.69] L3
Ensrud 2009 0.64 [0.62, 0.66) <
Yun 2010 055[053,058]
Cauley 2010 (Caucasian) 0.64 [0.63, 0.65] <
Cauley 2010 (African american) 0.61 [0.58, 0.64] =
Cauley 2010 (Hispanic) 0.63 [0.59, 0.67] —-
Cauley 2010 (American indian) 0.61[0.51,0.71] ——
Cauley 2010 (Asian) 0.67[0.63,0.71] nal
Sornay-Rendu 2010 0.75[0.71, 0.79] ==
Leslie 2010 0.66 [0.65, 0.67] o
Sambrook 2011 0.61[0.58, 0.64] o=
Tamaki 2011 0.67 [0.59, 0.75] ==
Bolland 2011 0.62 [0.58, 0.66] —o
Henry 2011 0.66 [0.61,0.71] ==
Cheung 2012 0.71 [0.66, 0.76] =
Gonzalez-Macias 2012 0.61 [0.58, 0.65] ==
Ettinger 2013 0.63 [0.60, 0.66] -or
Czerwiriski 2013 0.60 [0.55, 0.64] ==
Briot 2013 0.62 [0.56, 0.68] ==
Rubin 2013 0.72 [0.69, 0.76] o=
Friis-Holmberg 2014 (Men) 0.63 [0.57, 0.69] =
Friis-Holmberg 2014 (Women) 0.68 [0.65, 0.71] -
Azagra 2016 0.69 [0.63, 0.74] o=
Klop 2016 0.71[0.70, 0.72] 04
Orwoll 2017 (China) 0.64 [0.58, 0.70] ——
Orwoll 2017 (Sweden) 0.57 [0.54, 0.60] =5
Dagan 2017 0.71[0.71,0.72] <
0Olmos 2017 0.67 [0.61, 0.72] ——
Sundh 2017 0.63 [0.55, 0.70] ——
Summary 0.65 [0.63, 0.67] *
Holloway 2016 0.74 [0.66, 0.82] —h—
Su 2017 (Men) 0.69 [0.65, 0.74] ——
Su 2017 (Women) 0.63[0.59, 0.67] A}
Summary 0.68 [0.62, 0.74] —Ah—
Henry 2011 0.70 [0.65, 0.75] ——
Henry 2011 0.66 [0.61,0.72] ——
Collins 2011 (Men) 0.74[0.73, 0.75] o
Collins 2011 (Women) 0.82[0.81,0.82] i <
Hippisley-Cox 2014 (Men) 0.77 [0.76, 0.77] 0:
Hippisley-Cox 2014 (Women) 0.82[0.81,0.82] E <
Summary 0.79 [0.75, 0.82] -4
Dagan 2017 0.71[0.71,0.71] A
Ettinger 2012 0.70[0.67, 0.73] @
Ettinger 2012 0.66 [0.63, 0.69] -
Rubin 2013 0.70 [0.66, 0.74] —-—
Rubin 2013 0.71[0.68, 0.75] &
Morin 2009 0.56[0.52,0.60] —@— ;
Rubin 2013 0.70 [0.66, 0.75] i —o—
Summary 0.63[0.49,0.77] —@—
Rubin 2013 0.71[0.68, 0.75] -
Tanaka 2010 0.73 [0.66, 0.79] ——
Francesco 2017 0.70[0.69, 0.71] A
0.50 0.60 0.70 0.80 0.90 1.00
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Table 6 Summary AUC for prediction of FRAX-defined major osteoporotic fracture or QFracture-defined osteoporotic fracture, results of meta-
regression models

Tools Unadjusted model® Adjusted model®"

n AUC [95% CI] n AUC [95% CI]
FRAX with BMD (10-year prediction) 25 0.68 [0.66, 0.701>¢ 20 0.70 [0.66, 0.74]>¢
FRAX without BMD (10-year prediction) 28 0.64 [0.62, 0.66]“4 21 0.67 [0.63, 0.7014
FRAX adjusted for TBS (10-year prediction) 3 0.69 [0.65, 0.73]>4 3 0.71 [0.65, 0.77]°
QFracture 2009 (10-year prediction) 4 0.79 [0.75, 0.82]""¢ 0.77 [0.70, 0.83]*®

FRAX-defined major osteoporotic fracture: hip, clinical spine, wrist, or humerus. QFracture 2009—defined major osteoporotic fracture: hip, vertebral, or
wrist
AUC area under the ROC curve, CI confidence interval, n number of AUCs

# Statistically different from AUC for FRAX with BMD

® Statistically different from AUC for FRAX without BMD

¢ Statistically different from AUC for FRAX adjusted for TBS
4 Statistically different from AUC for QFracture 2009

¢ Test for residual heterogeneity: p <0.0001

"Meta-regression model adjusted for gender, mean age, age range, and global quality. AUCs are presented for studies of high quality (score = 9/9) and

cohort of women whose mean age is 65 years and age range is 40 years

for prediction of hip fracture. This challenges the superiority
of QFracture and raises the need to compare the predictive
ability of current tools in the same group of individuals.

Consistent with the study of Marques et al., the results of
our adjusted and unadjusted analyses also suggest that current
tools perform better for prediction of hip fracture than major
osteoporotic, osteoporotic, or any fracture. While it is clinical-
ly more convenient to interpret a single risk than one for each
fracture site, the estimation of fracture risk at many sites si-
multaneously could decrease performance because risk factors
for fracture, or the magnitude of their effect, differ across
fracture sites [81, 82]. An additional result obtained through
our adjusted analyses is that the discriminative ability of cur-
rent tools tended to be higher in women and younger cohorts.
The lower proportion of traumatic fracture and the better
knowledge of the risk factors for fracture in women could
explain why the discriminative ability is higher in this popula-
tion. Studying risk factors for osteoprotic fracture in men re-
mains important for improvement of fracture risk prediction in
this population. A possible explanation for the higher discrim-
inative ability observed in younger individuals is that the com-
peting risk of death is higher in older than younger individuals,
which translates into a higher proportion of older individuals at
high risk of fracture who dies rather than suffers a fracture
during the follow-up period. The development of a distinct
model by age subgroups and the integration of new predictors
such as frailty-related risk factors and polypharmacy could
increase predictive ability in older populations.

In another systematic review by Rubin et al. [14], the authors
concluded that tools including only a few risk factors have similar
and sometimes higher predictive ability than more complex tools.
The results of our review contrast with this conclusion and rather

suggest that more complex tools tend to have higher discrimina-
tive ability than more simple tools. In their review, Rubin et al.
made no distinction between versions with and without BMD. In
our review, we observed that Garvan with BMD and FRAX with
BMD had significantly higher discriminative ability than their
version without BMD. Given the low number of external valida-
tion studies on the simplest tools (FRAMO, OST, ORAI,
OSIRIS), it was difficult to compare them with other tools.
There were also a low number of studies assessing the external
validity of QFracture, the most complex tool. However, based on
available evidence, the results of our review suggest that
QFracture is among the best tools to predict fracture even if it
does not use BMD. While BMD is a strong predictor of a future
fracture, the inclusion of a large number of risk factors seems to
compensate for the lack of this information. As the predictive
ability tends to increase with the number of predictors, the inclu-
sion of additional risk factors represents a potential avenue for
improving the performance of fracture risk prediction tools.

The choice of the tool to use for prediction of fracture risk
should be made by considering their performance in the
targeted context, applicability, and characteristics. While the
performance of QFracture was good, it was conceived to be
used in electronic medical records and, to the best of our
knowledge, has only been validated in this type of data.
Furthermore, its original version is no longer available on
the web and has been replaced by an updated version includ-
ing 31 clinical risk factors. The updated QFracture may be
cumbersome to use in a clinical context, unless it is integrated
to electronic medical systems for automatic calculation of
fracture risk. In a context where information on risk factors
must be entered manually, FRAX and Garvan are much easier
to use. The performance of these tools is good, especially for
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Table7  Summary AUC for prediction of Garvan-defined osteoporotic
fracture, fragility fracture, or any fracture, results of meta-analyses.
Garvan-defined osteoporotic fracture: hip, clinical spine, wrist, humerus,

meta-carpal, scapula, clavicle, distal femur, tibia/fibula, patella, pelvis,
and sternum. AUC area under the ROC curve, CI confidence interval, /2
measure of heterogeneity

Tool Study AUC [95% CI]
Ensrud 2009 0.64 [0.62, 0.65] [
Cauley 2010 (Caucasian) 0.62 [0.60, 0.64] .-
Cauley 2010 (Afrian american) 0.58 [0.52, 0.64] —H
Cauley 2010 (Hispanic) 0.61 [0.54, 0.68] ——
FRAX with BMD Cauley 2010 (American indian) 0.69 [0.56, 0.82] _—
(10-year prediction)  Bolland 2011 0.62 [0.59, 0.66) -
’=29.8% Zhang 2011 0.69 [0.64, 0.74] —
Yu 2014 (Men) 0.64 [0.60, 0.68] ——
Yu 2014 (Women) 0.62 [0.58, 0.65] —+
van Geel 2014 0.69 [0.61, 0.78] —0—
Summary 0.63 [0.62, 0.65] =]
Ensrud 2009 0.61[0.59, 0.62] ©
Cauley 2010 (Caucasian) 0.58 [0.58, 0.58] 0!
Cauley 2010 (African american) 0.54 [0.52, 0.56] < E
Cauley 2010 (Hispanic) 0.57 [0.55, 0.59] -Q-E
FRAX without BMD  Cauley 2010 (American indian) 0.61 [0.55, 0.67] —:b—
(10-year prediction) Cauley 2010 (Asian) 0.58 [0.55, 0.61] -+
2293 2% Bolland 2011 0.60[0.57, 0.63] -¢—
: Rubin 2013 0.70 [0.67, 0.74] (. o
Yu 2014 (Men) 0.61[0.57, 0.65] ——
Yu 2014 (Women) 0.60 [0.56, 0.63] +
van Geel 2014 0.65 [0.57, 0.74] ——
Summary 0.60 [0.57, 0.63] 4
Bolland 2011 0.64 [0.60, 0.67] —Ar
Zhang 2011 0.70 [0.65, 0.75] —A—
Langsetmo 2011 (Men) 0.70 [0.65, 0.75] —h—
Garvan withBMD | angsetmo 2011 (Women) 0.69 [0.66, 0.72] i
(10-year prediction)  Ahmed 2014 (Men) 0.61 [0.56, 0.67] —A—
1°=65.9% Ahmed 2014 (Women) 0.62 [0.58, 0.65] —h
van Geel 2014 0.69 [0.60, 0.78) — A
Dominguez 2017 0.72[0.61, 0.82] —
Summary 0.67 [0.64, 0.69] -
Sambrook 2011 0.64 [0.62, 0.66] ! ©
Garvan without BMD  Ahmed 2014 (Men) 0.57[0.51, 0.63] —0+
(10-year prediction)  Ahmed 2014 (Women) 0.58 [0.54, 0.61] —0-
1°=69.9% van Geel 2014 0.65 [0.56, 0.73] —0—
Summary 0.61 [0.57, 0.65] -
Garvan withBMD  Ahmed 2014 (Men) 0.67 [0.60, 0.74] -
(5-year prediction)  Ahmed 2014 (Women) 0.61[0.57, 0.65] —-
12=51.0% Summary 0.63 [0.57, 0.69] ——
Garvan without BMD  Ahmed 2014 (Men) 0.67 [0.60, 0.74] —
(5-year prediction)  Ahmed 2014 (Women) 0.57 [0.53, 0.61] —0—
12=81.4% Summary 0.62 [0.52, 0.71] —
OSIRIS Rubin 2013 0.68 [0.65, 0.72] —h—
osT Rubin 2013 0.68 [0.65, 0.72] -
ORAI Rubin 2013 0.69 [0.66, 0.72] -
SCORE Rubin 2013 0.69 [0.66, 0.73] 4=
mSOF Forti 2012 0.66 [0.57, 0.75] —h—
0.50 0.60 070 0.80 0.90 1.00

prediction of hip fracture, but is considerably reduced in the
absence of BMD. Calibration of the tools in different popula-
tions may also help in choosing the most appropriate tool.
QFracture has been calibrated in the UK and Garvan in

@ Springer

Australia. FRAX has been calibrated to the fracture and mor-
tality rates of 62 countries in America, Europe, Africa, Asia,
and Australia. Another unique feature of FRAX is that it was
derived by taking account of the competing risk of death, an
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Table 8 Summary AUC for prediction of Garvan-defined osteoporotic fracture, fragility fracture, or any fracture

Tools Unadjusted model® Adjusted model®f

n AUC [95% CI] n AUC [95% CI]
FRAX with BMD (10-year prediction) 10 0.64 [0.62, 0.66]" 6 0.72 [0.65, 0.79]>¢
FRAX without BMD (10-year prediction) 11 0.61 [0.58, 0.63]*¢ 6 0.69 [0.62, 0.76]*
Garvan with BMD (10-year prediction) 8 0.66 [0.63, 0.69]>¢ 7 0.72 [0.66, 0.79]°
Garvan without BMD (10-year prediction) 4 0.62 [0.58, 0.65]° 3 0.67 [0.59, 0.74]*¢

Garvan-defined osteoporotic fracture: hip, clinical spine, wrist, humerus, meta-carpal, scapula, clavicle, distal femur, tibia/fibula, patella, pelvis, or

sternum

AUC area under the ROC curve, CI confidence interval, n number of AUCs

# Statistically different from AUC for FRAX with BMD
® Statistically different from AUC for FRAX without BMD
¢ Statistically different from AUC for Garvan with BMD
9 Statistically different from AUC for Garvan without BMD

¢ Test for residual heterogeneity: p <0.0001 (unadjusted model) and p = 0.0033 (adjusted model)
"Meta-regression model adjusted for gender, mean age, age range, and global quality. AUCs are presented for studies of high quality (score = 9/9) and

cohort of women whose mean age is 65 years and age range is 40 years

approach widely recommended in the literature [83, 84]. With
FRAX, fracture risk is thus reduced in individuals with low
life expectancy, such as frailer and older people.

Our study has several limitations, but also numerous
strengths. First, comparing performance of the different tools
was an arduous task as discriminative accuracy is influenced
by the characteristics and quality of the included studies.
Meta-regression models were used to improve the compara-
bility of the studies, but residual heterogeneity remained.
Additional sources of heterogeneity could have been taken
into account if the external validity of some tools such as
Garvan and QFracture had been assessed in a larger number
of studies. While calibration is an important attribute of prog-
nostic models, calibration was not assessed. As gray literature
was not searched, some studies may have been missed. When
standard errors and confidence intervals for AUC were not
reported, standard errors were approximated [85]. Since one
of these measures was reported in most of the studies, this may
only have affected the summary measures to a negligible ex-
tent. Despite these limitations, the results of our review are
based on rigorous methodology. Studies published in all lan-
guages were searched. Selection, data abstraction, and quality
assessment were performed by independent reviewers. All
analyses were planned a priori. Our review is the first to use
meta-regression models to compare the discriminative ability
of current fracture risk prediction tools. This allowed us to
perform formal statistical comparisons of the tools and to im-
prove the comparability of included studies.

In conclusion, the results of this review suggest that
QFracture is the tool with the highest discriminative ability
to predict major osteoporotic fracture but that this tool is not
significantly superior for prediction of hip fracture. Given the

complexity of QFracture and the fact that it has only been
validated in health electronic records, QFracture could be use-
ful for automatic calculation of fracture risk and epidemiolog-
ical research in electronic health records. For estimation of the
risk hip fracture, FRAX with BMD and Garvan with BMD are
among the best tools and are much easier to use in a clinical
setting. However, when using these tools, information on
BMD should be provided in order to avoid a significant re-
duction in discriminative ability. Given that the predictive
ability is largely influenced by the characteristics of the vali-
dation studies, additional studies comparing the performance
of current tools in the same cohort of individuals are needed.
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Appendix 1. Search strategy for Ovid
MEDLINE

Table 9  Search Strategy for Ovid MEDLINE

Category Searches Results
Fracture 1. (Fracture* or (bone* adj2 (broken or break*))).ab,ti 1. 230,952
2. exp *Fractures, Bone/ 2.138,448
3.1or2 3.256,254
Risk prediction 4. 1 adjl5 ((Risk* or Predict* or Prognostic* or Discrimin*) Adj4 (Tool* or Calculat* or Scor* or Instrument* or Model* or 4. 2554
tool Index or Indexes or Indice* or Algorithm* or Nomogram* or Criteri* or Test* or Rule* or Scale*)).ab,ti
5. exp Risk assessment/ and ((Tool* or Calculat* or Scor* or Instrument* or Model* or Index or Indexes or Indice* or 5.1532
Algorithm* or Nomogram* or Criteri* or Test* or Rule* or Scale*).ab,ti adj15 1)
6. Risk Assessment/mt 6.26,224
7. (1 adj15 (Risk* or Predict* or Prognostic*).ab,ti) and (Models, Statistical/ or Models, biological/ or exp algorithms/ orexp 7. 2951

Nomograms/ or exp “sensitivity and specificity”/ or exp roc curve/ or exp predictive value of tests/ or exp area under curve/
or validation studies.pt)

8. exp Mass screening/ 8. 121,866
9. ((Decision or screen*) adj3 (Tool* or Calculat* or Scor* or Instrument* or Model* or Index or Indexes or Indice* or 9. 142,975
Algorithm* or Nomogram* or Criteri* or Test* or Rule* or Scale* or Approach* or Modalit* or Support* or
Analys?s)).ab,ti

10. exp Decision support techniques/ 10. 75,398

11. 1 adj15 (Scor* adj (system™ or method* or scheme)).ab,ti 11.336

12. (Intervention threshold*).ab,ti 12.224

13. 1 adj15 ((Risk* or probabilit*) adj4 (predict* or estim* or comput* or assess*)).ab,ti 13. 3957

14. 1 adjl15 (Risk* adj6 identif*).ab,ti 14. 1673

15. (Fracture* Adj5 (Predict* or Discrimin®*)).ab,ti 15. 4678

16.4or5or6or7or8or9or10or1lorl2orl3orl4orls 16. 345,138
Known tools 17. (Abone or “Age body size no estrogen”).ab,ti 17.12

18. (Bwc or weight criterion or pbw or patient body weight).ab,ti 18. 565

19. (Caroc or (“Canadian Association of Radiologists” adj2 “Osteoporosis Canada”)).ab,ti 19.20

20. Doescore.ab,ti 20.2

21. (Epese or (“established population*” adj3 “epidemiolog* stud*” adj3 elderly)).ab,ti 21. 486

22. Epidos.ab,ti 22.74

23. (Fracture index or SOF or Study of osteoporotic fracture* OR Sofsurf).ab,ti 23. 2064

24. (Framo or “fracture and mortality index”).ab,ti 24.4

25. (Frax* or Fracture risk assessment).ab,ti 25.3087

26. (Frc OR Fracture risk calculator).ab,ti 26. 3341

27. (Frisc or Frisk or (Fracture adj2 immobili?ation adj2 score) or Fracture risk score).ab,ti 27.234

28. Garvan*.ab,ti 28.39

29. (Gnudi S.au and Sitta E.au) 29.6

30. (KKOS* or Khon kaen osteoporosis study).ab,ti 30.7

31. (Male osteoporosis screening).ab,ti 31.2

32. (MORES OR Male osteoporosis risk estimation score).ab,ti 32.414

33. ((NOF or National osteoporosis foundation) adj3 guideline*).ab,ti 33. 66

34. (OPERA or Osteoporotic prescreening risk assessment).ab,ti 34. 830

35. (ORACLE or Osteoporosis Risk Assessment).ab,ti 35. 667

36. (ORALI or Osteoporosis risk assessment instrument).ab,ti 36. 466

37. (OSIRIS or Osteoporosis index).ab,ti 37.269

38. (OST or FOSTA or OSTA or Osteoporosis self-assessment or Osteoporosis screening tool).ab,ti 38. 1376

39. Osteorisk.ab,ti 39. 4

40. Qfracture*.ab,ti 40. 28

41. (SCORE index or (Simple calculated adj2 risk estimation)).ab,ti 41. 1722

42.170r18 or 19 or20 or21 or22 or23 or24 or25 or26 or27 or28 or29 or 30 or 31 or32 or33 or34 or35or36 0or37or38 42. 15,453
or 39 or 40 or 41

Studies 43. (Animals/ not Humans/) 43.4,412,273
44. Case reports.pt 44. 1,899,179

Combination 45.3 and (16 or 42) 45. 13,650
46. 45 not 43 46. 13,388
47. 46 not 44 47.13,189
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Appendix 2. Quality assessment using
a modified version of the QUADAS-2 tool

PATIENT SELECTION
a. Risk of bias

Was a consecutive (ex: administrative database) or ran-
dom sample of individuals enrolled? Yes, No, Unclear
Did the study avoid inappropriate exclusions? Yes, No,
Unclear

b. Concern regarding applicability

Are there concerns that the included individuals and
setting do not match the review question (Were partic-
ipants from the validation cohort representative of in-
dividuals from the general population?)? Low, High,
Unclear

INDEX TEST

a. Concern regarding applicability

Would the risk factors included in the index test would be
available in clinical practice? High, Low, Unclear

REFERENCE STANDARD
a. Risk of bias

Is the reference standard likely to correctly classify the
target condition (Were fractures verified or only self-re-
ported?)? Yes, No, Unclear

FLOW AND TIMING

a. Risk of bias

Did all participants receive the same reference standard?
Yes, No, Unclear

Were at least 90% of eligible participants included in the
analysis? Yes, No, Unclear

Were more than 10% of missing data set to null or to the
average value? Yes, No, Unclear

Were all participants followed on the period for which the
index test was constructed (Was the study duration (or
maximum follow-up time) approximately the same as
the length of the period for which the index test was con-
structed (1 year)?)? Yes, No, Unclear

Were more than 10 fractures by variable observed during
the follow-up period? Yes, No, Unclear

Appendix 3. Summary of study quality as
assessed using QUADAS-2 tool

Fig. 2 Quality of the studies

assessing the external validity of Was a consecutive or random sample of individuals

N ip e e enrolled?
tools to identify individuals at
high risk of non-traumatic
fracture Did the study avoid inappropriate exclusions?

Were individuals representative of those who will receive
the test(s) in practice?

Were incident fractures verified?

Did all participants receive the same reference standard?

Were at least 90% of eligible participants included in the
analysis?

Were less than 10% of missing data set to null or to the
average value?

Was the study duration approximately the same as the as
the tool’s prediction period?

Were more than 10 fractures by variable included in the
tool(s) observed?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

M No (low quality) Unclear Yes (high quality)
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