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Abstract
Summary  This narrative review summarises the recommendations of a Working Group of the European Society for Clinical 
and Economic Aspects of Osteoporosis, Osteoarthritis and Musculoskeletal Diseases (ESCEO) for the conduct and reporting 
of real-world evidence studies with a focus on osteoporosis research.
Purpose  Vast amounts of data are routinely generated at every healthcare contact and activity, and there is increasing rec-
ognition that these real-world data can be analysed to generate scientific evidence. Real-world evidence (RWE) is increas-
ingly used to delineate the natural history of disease, assess real-life drug effectiveness, understand adverse events and in 
health economic analysis. The aim of this work was to understand the benefits and limitations of this type of data and outline 
approaches to ensure that transparent and high-quality evidence is generated.
Methods  A ESCEO Working Group was convened in December 2022 to discuss the applicability of RWE to osteoporosis 
research and approaches to best practice.
Results  This narrative review summarises the agreed recommendations for the conduct and reporting of RWE studies with 
a focus on osteoporosis research.
Conclusions  It is imperative that research using real-world data is conducted to the highest standards with close attention 
to limitations and biases of these data, and with transparency at all stages of study design, data acquisition and curation, 
analysis and reporting to increase the trustworthiness of RWE study findings.

Keywords  Drug effectiveness · Fracture · Osteoporosis · Real-world evidence · Epidemiology · Registry

Introduction

In 2019 in the European Union, UK and Switzerland, there 
was an estimated 32 million individuals living with osteopo-
rosis and 4.3 million new fragility fractures during that year 
[1]. Despite the development of multiple effective primary 
and secondary preventive measures, ageing populations will 
mean an increasing burden of osteoporosis and associated 

fragility fractures; it was estimated that, in 2010, globally, 
158 million individuals aged over 50 years were at high risk 
of fracture, but by 2040, this number is expected to double 
[2]. As such, there is a need to accelerate drug discovery 
and approaches to optimising osteoporosis management to 
reduce fracture risk.

Traditionally, randomised controlled trials (RCT) have 
been considered the gold standard in establishing evidence-
based treatment safety and efficacy, and in osteoporosis, 
they have also been used to demonstrate the benefit of 
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non-drug interventions including community screening to 
identify those at high risk of fracture [3, 4]. RCTs are an 
important source of evidence to assess causation between an 
intervention and an outcome; the process of randomisation 
ensures any observed differences in baseline characteristics 
between treatment groups are due to chance, and blinding, 
when used, prevents treatment allocation influencing behav-
iour and outcomes. However, these studies are costly and 
establishing long-term benefits of new interventions can 
take many years. Careful consideration of the generalisabil-
ity of RCT findings is also required due to study inclusion 
and exclusion criteria that often exclude those with multi-
comorbidity and polypharmacy and may limit participants 
to a specific sex or age group [5]. Indeed, often the target 
population for osteoporosis medication are excluded from 
the trials. Reyes et al. examined real-life users of alen-
dronate in Sistema d’Informació per al Desenvolupament 
de l’Investigació en Atenció Primària (SIDIAP) Database 
from Catalonia (Spain) and the Danish Health Registries 
(DHR) from Denmark, and found that 56 and 63% of users, 
respectively, would have been excluded from the Fracture 
Intervention Trial (FIT) that established the efficacy of alen-
dronate in reducing fractures in women with osteoporosis [6, 
7]. Differences in healthcare provision between RCT sites 
and where the intervention will be used should be consid-
ered; for example, the number of medical consultations is 
often higher in a trial setting than during routine clinical 
care, and additionally, there is self-selection of those will-
ing to participate in a clinical trial and often higher compli-
ance. In particular, Black, Indigenous and people of colour 
(BIPOC) populations are often underrepresented in clinical 
trials [8]; yet, findings of RCTs are commonly extrapolated 
to the clinical care of more diverse populations than those in 
which the intervention was assessed. Despite 29% of osteo-
porotic fractures in the United States of America (USA) 
occurring in men [9], clinical trials assessing treatments for 
osteoporosis in men have typically been smaller and shorter 
in duration than comparable trials in women, with many 
using bone mineral density rather than fracture as the end-
point [10, 11]. Approval of these drugs in men has relied on 
the data collected in women and an assumption of a similar 
anti-fracture efficacy in both sexes [12].

Real-world evidence (RWE), which utilises data collected 
during routine healthcare, can complement research findings 
from RCTs and observational studies in which data are col-
lected primarily for the purpose of research. RWE has more 
commonly been used for rare diseases, but its potential use 
in common health conditions is increasing to understand 
the natural history of disease, establish and compare the 
effectiveness of interventions and assess long-term drug 
safety in routine clinical care, guide regulatory and national 
reimbursement decisions, improve health and social care 
delivery, and understand patient experiences. Indeed, RWE 

is of potential benefit in the field of osteoporosis, but it is 
imperative that the advantages and disadvantages of RWE 
are understood, and that the best practices for study conduct 
and reporting are followed to ensure high quality and trans-
parent evidence is generated.

A European Society for Clinical and Economic Aspects 
of Osteoporosis, Osteoarthritis and Musculoskeletal Dis-
eases (ESCEO) Working Group was convened in December 
2022 to discuss the applicability of RWE to osteoporosis 
research and approaches that ensure the highest quality evi-
dence is generated and reported for potential use in future 
drug regulatory applications and official guidelines. This 
group comprised 29 experts from across Europe, North 
America, the Middle East and Asia, with expertise includ-
ing osteoporosis, rheumatology, gynaecology, epidemiol-
ogy, pharmacoepidemiology, RWE, pharmacoeconomics 
and regulatory affairs. This narrative review summarises the 
working group’s agreed recommendations for the conduct 
and reporting of RWE studies with a focus on osteoporosis 
research. However, the overarching principles discussed here 
would also apply to other research fields.

What is real‑world evidence?

RWE is derived from the analysis of real-world data (RWD). 
This is routinely collected data that relates to a patient’s 
health or to the delivery of healthcare. Although the princi-
ples apply to broader epidemiological methods, the focus of 
RWD/RWE is predominantly on information derived from 
patients rather than free-living populations. The exposure of 
interest must be present in the dataset, which generally pre-
cludes the study of unlicensed medications in this context.

RWD can be derived from a variety of different sources, 
including, but not limited to, patient registries (including 
specific disease, drug, or medical device registries), pre-
scription and dispensing data, insurance claim databases, 
health records (including retrospective chart reviews and 
the use of electronic health records) and patient-reported 
outcomes. Examples of patient-reported outcomes include 
wearables and biosensors (e.g. a smart watch measuring 
activity levels or sleep time, continuous glucose monitors or 
home pulse oximetry) and smart-phone application (“app”)-
based self-reporting, such as the ArthritisPower® app. The 
latter is a multipurpose digital platform enabling patients 
to track their disease and engage in educational materials, 
whilst additionally creating a disease registry and enabling 
RWD collection [13]. Some examples of other data sources 
that have been used and/or may be useful for future work in 
osteoporosis are shown in Table 1 [14-22]. A database of 
patient registries that could be utilised in RWE is maintained 
by The European Network of Centres for Pharmacoepidemi-
ology and Pharmacovigilance (ENCePP) [23].
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Data may be collected as part of routine clinical care and/
or specifically for a research study, and can be quantitative 
or qualitative. Data from multiple sources can be linked 
using unique patient identifiers; Denmark and Sweden, for 
example, have excellent nationwide linked health and social 
data systems containing information on primary and second-
ary care and pharmacy dispensing that have enabled large 
nationwide population-based observational studies [24]. It is 
important that country-specific policies and laws with regard 
to data use and management are followed. Where required, 
consent to link data from electronic health records, labora-
tory data and claims data should be sought when recruit-
ing patients to registries or self-reporting tools to optimise 
potential use in RWE studies and enable confirmation of 
any self-reported diagnoses to increase veracity in study 
findings.

RWE can be generated using many different study designs 
including non-intervention (observational) and intervention 
studies (Fig. 1). The broad study designs are not fundamen-
tally different from that used for epidemiological observa-
tional surveys or clinical trials. As with all observational 
studies, the medical treatments received by the patient 
will have been decided by the healthcare professionals and 
patient subject to local policies and not by random alloca-
tion. Observational RWE however capitalises on the more 
detailed data that are now collected electronically and rou-
tinely, but in contrast to prospective observational studies in 
which data are collected on all participants at set time points, 
the timing of RWD (for example from diagnosis or treatment 
initiation) may vary between individual patients.Ta
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RWD can be incorporated into intervention studies in 
several ways, including in planning, as specific outcomes, 
or as an external comparator trial (Fig. 1). In a traditional 
RCT, RWD can be used in the planning of the study even if 
RWD are not collected with the purpose of analysis as trial 
outcomes. For example, RWD might be used in hypoth-
esis-generating studies that are subsequently tested in an 
RCT, or RWD can be used to assess enrolment criteria, 
trial feasibility and support the selection of study sites by 
examining the impact of the proposed study’s inclusion 
and exclusion criteria within the potential trial population. 
Alternatively, RWD on selected health outcomes and/or 
adverse events from sources such as electronic healthcare 
records, claims or administration databases may be inte-
grated into an intervention study for pre-specified clinical 
outcomes. Finally, an external comparator group derived 
from RWD may be used to improve interpretability of 
a non-randomised single group intervention study. This 
would involve using a study design that overlaps between 
the traditional intervention and observational study. Data 
for the external comparator arm can be collected from 
either historical RWD or prospectively from a contempora-
neous cohort of untreated patients. Consideration towards 
changes in clinical practice and standard care should be 
made when using historical RWD as the comparator. The 
possibility of differences in the trial and comparator group 
may exist due to confounding by indication if a contempo-
raneous group is used. This type of study is more appro-
priate when an RCT is unfeasible (e.g. due to low disease 
prevalence) or unethical, and is less likely to be used in 
post-menopausal osteoporosis. To date, RWE external 
comparator arm studies have most commonly been used 
in oncology and for rare diseases in children [25].

RWD has a number of advantages: representativeness 
of the true at-risk/treated population, often readily avail-
able data at relatively low cost allowing for more rapid 
analysis, and large study populations providing increased 
power to detect rare events. However, importantly, RWD 
may have inherent biases that should be considered when 
drawing causal inferences. Careful study design and analy-
sis is needed to mitigate potential bias and ensure that high 
quality evidence is generated that could be accepted for 
regulatory approval.

RWE in osteoporosis research and practice

RWE approaches have been used widely across many 
fields. Here, we describe examples of how RWE has 
already been employed, and may be used in the future, 
to improve patient care, with examples from the field of 
osteoporosis.

Characterising the natural history of osteoporosis 
and related conditions

Natural history studies are epidemiological studies focus-
ing on describing the prevalence, risk factors, clinical fea-
tures and outcomes, burden and evolution of a disease. For 
example, studies using electronic health records, such as the 
Clinical Practice Research Datalink (CPRD) in the United 
Kingdom (UK), and insurance claims records have previ-
ously described the epidemiology of fracture [19, 26, 27] 
and trends in osteoporosis medication prescribing [28], 
adherence and discontinuation [29, 30].

With increasing availability and complexity of routinely 
collected electronic data, future studies might further char-
acterise the at-risk population and be used to contextualise 
trial data within the target population to demonstrate trans-
ferability in clinical practice. Retrospective RWD can be 
used to identify risk factors, clinical outcomes or biomark-
ers occurring early in the evolution of the disease to enable 
earlier intervention and identify sub-populations who may 
derive the greatest benefit from earlier or new treatments, 
and in doing so, generate hypotheses for future intervention 
studies. RWD studies can be used to understand treatment 
adherence, associated determinants and clinical outcomes 
[31] and from this, help to develop pathways to promote 
adherence and optimise the patient care pathway.

Supporting regulatory decision‑making for drugs 
and medical devices

RWE is playing an increasing role in informing regulatory 
decisions related to drugs and healthcare devices. This has 
in part been driven by the 21st Century Cures Act (2016) in 
the USA, which mandated that a programme be developed 
by the Food and Drug Administration (FDA) to evaluate the 
potential use of RWE. This multifaceted project hoped to 
expedite the process of drug authorization, particularly for 
new indications of previously approved drugs and biologics, 
and to support post-marketing surveillance of drug safety 
and efficacy. As a result, FDA first published their guid-
ance “Use of Real-World Evidence to Support Regulatory 
Decision-Making for Medical Devices” [32] in 2017 fol-
lowed by a draft framework in 2018 [33], which outlined a 
framework for the use of RWE as valid scientific evidence to 
support FDA decisions. Similar frameworks have since been 
published by other regulatory bodies including the European 
Medicines Agency (EMA) [34] and the Pharmaceuticals and 
Medical Devices Agency in Japan [35]. The Therapeutic 
Goods Administration in Australia has also begun to review 
their approach to RWE in regulatory decisions [36].

Recent data have demonstrated that the integration of 
RWE in marketing authorization applications (MAAs) 
has become more common [37]. RWE was used to 
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support 39.9% of initial MAAs and 18.3% of extension 
of indication (EOI) applications submitted in 2018 and 
2019 to the EMA [38]. The RWD used in these appli-
cations were mostly derived from disease and product 
registries, but electronic health records, claims, drug dis-
pensing data and compassionate use programmes were 
also used as data sources. For most applications for both 
marketing authorization and EOI, RWE was used to sup-
port drug safety rather than drug effectiveness [38]. In 
further analysis, of the applications for which RWE was 
submitted to support efficacy, the RWE contributed to 
decision-making in five out of sixteen MAA and five 
out of ten EOI [39]. Overall RWE contributed to the 
pre-authorization decision-making on drug efficacy for 
approximately 3% of applications to the EMA during the 
2-year period [39].

Although the use of RWE in MAA may be limited by 
the need for the drug to be authorised to enable RWD col-
lection, there is a stronger role for its use in expanding 
licenced indications, for example across geographical 
regions, by patient demographics (e.g. sex, ethnicity), or 
for related clinical indications (e.g. postmenopausal com-
pared with glucocorticoid induced osteoporosis). Within 
the field of osteoporosis, RWE was recently used to support 
a regional MAA leading to the approval of Prolia® (deno-
sumab) for the treatment of post-menopausal osteoporosis 
by the National Medical Products Administration (NMPA) 
in the People’s Republic of China in 2020. The MAA 
included data from the global clinical trial programme for 
Prolia® which established the efficacy and safety of this 
drug [40]. A RWE study from Taiwan and Hong Kong that 
demonstrated a favourable benefit: risk profile in ethnic 
Chinese women was employed to demonstrate that safety 
and efficacy data are comparable for a Chinese patient 
group to that observed in the RCT population. This was 
required to meet specific NMPA requirements. In this 
study, a population level claims database (Health Insur-
ance Research Database) covering 99.9% of the population 
of Taiwan and a population-level clinical database (Clini-
cal Data Analysis and Reporting System) which includes 
80% of hospital admissions in Hong Kong were used. 
Fracture risk was compared in two groups of women, a 
treatment cohort who had Prolia® 60 mg subcutaneously 
every 6 months for up to 10 doses and a “control” group 
who discontinued Prolia® after a single dose. The relative 
risk of fracture reductions for the Prolia®-treated cohort 
compared to the control group was similar to that in the 
global RCT [40, 41]. Safety data were also collected using 
the same databases focusing on the incidence of hypocal-
cemia, atypical femoral fracture (AFF) and osteonecrosis 
of the jaw in women treated with Prolia® [42]. A similar 
approach supported the authorization of Eladynos (abalo-
paratide) by the EMA in October 2022 for the treatment of 

osteoporosis in postmenopausal women at increased risk 
of fracture [43, 44].

Post‑marketing safety monitoring, long‑term 
effectiveness and comparator studies

Post-marketing drug surveillance has a vital role in moni-
toring drug safety over longer periods of follow-up than 
is undertaken in RCTs. A recent population-based cohort 
study in Ontario, Canada, utilised multiple linked regis-
tries of demographic information (The Registered Persons 
Database of Ontario), prescription dispensing records 
(Ontario Drug Benefits Program), comorbidities (Cana-
dian Institute for Health Information’s Discharge Abstract 
Database) and diagnostic and procedural information from 
hospital and emergency department visits (the National 
Ambulatory Care Reporting System Database) to illus-
trate that real-world patients prescribed bisphosphonates 
and denosumab are older, include a greater proportion of 
males and have higher prevalence of chronic kidney dis-
ease than the participants who took part in the RCTs that 
demonstrated the efficacy and safety of these medications 
[45]. This highlights the need to understand the effective-
ness and side effects in the population who receive treat-
ment. One such example is the work by Robinson et al. 
who assessed the safety of oral bisphosphonates in patients 
with moderate-severe chronic kidney disease [46]. The 
authors used routinely collected population-representative 
data from linked primary and secondary care records from 
the UK (CPRD and Hospital Episode Statistics (HES)) and 
Catalonia, Spain (SIDIAP, National Hospital Discharge 
Database and renal registry), in a case–control study 
including nearly 4000 new users of bisphosphonates and 
propensity score matching to a control group to reduce 
the risk of confounding. Bisphosphonate use was associ-
ated with an increased risk of progression of moderate to 
severe chronic kidney disease [46], thus providing impor-
tant novel safety information in a group of patients who 
are commonly treated with bisphosphonates [45]. Simi-
larly, RWE can also demonstrate clinical effectiveness in 
populations in which medications are actually prescribed, 
such as the work of O’Kelly et al. which showed that con-
tinued treatment with antiosteoporosis medications was 
associated with reductions in fracture rates using data 
for women aged over 50 years prescribed one or more 
antiosteoporosis medications in an anonymized German 
healthcare claims database representative of the German 
population [47].

RWE additionally has the potential to deepen our under-
standing of recognised adverse events and identify indi-
viduals who are at greater risk through stratification by 
demographic factors or comorbidity. Information on rare 
complications of antiosteoporosis drugs, including AFF 
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and osteonecrosis of the jaw, can be ascertained in more 
detail using RWD than from an RCT due to insufficient 
power in the clinical trials to capture detailed information 
on these rare adverse events. For example, data from the 
FDA Adverse Event Reporting System (FAERS), a volun-
tary healthcare professional submitted reporting system for 
adverse effects of drugs and medical devices, has been used 
to assess the risk of osteonecrosis of the jaw in patients on 
antiresorptive medications [48]. Multiple RWE studies were 
also used to support the removal of the FDA “box warning” 
from teriparatide. The initial concerns of increased risk of 
osteosarcoma in patients treated with teriparatide were based 
on pre-clinical animal studies, but RWE generated following 
authorization showed no increased risk in humans [49]. The 
supporting RWE studies utilised data from cancer patient 
registries [50], a voluntary patient drug registry [51] and 
Medicare and insurance claims databases [52].

RCTs typically compare a new drug treatment to either 
placebo or the currently accepted gold-standard treatment. 
Few trials are performed as comparator studies to iden-
tify best available treatment options. RWE can be used 
to address this evidence gap and identify the need for 
head-to-head trials, although care should be taken when 
comparing two treatment options that were available in 
different eras of clinical care provision. Ideally, compari-
sons should be made between treatments available at the 
same time for the same indication. In the field of osteo-
porosis, Cosman et al. compared the real-world effective-
ness of abaloparatide and teriparatide on nonvertebral 
fracture incidence and cardiovascular outcomes following 
18 months of treatment in anabolic-therapy-naïve women 
aged over 50 years. This was performed using retrospec-
tive data derived from an anonymised claims database in 
the USA with propensity score matching of 11,616 women 
treated with abaloparatide to a group treated with teripara-
tide. Non-inferiority of abaloparatide versus teriparatide 
on time to first non-vertebral fracture was demonstrated 
[44]. In contrast, Khalid et al. demonstrated that users of 
selective estrogen receptor modulators (SERMs) had lower 
risk of primary hip and major osteoporotic fracture com-
pared to propensity-matched users of alendronate in CPRD 
and SIDIAP. Of note, the study cohort were at low risk of 
fracture, and the authors acknowledge that imbalances in 
unobserved confounders remain a possibility despite pro-
pensity matching [79]. In the same study, fracture risk in 
users of strontium ranelate and other oral bisphosphonates 
compared to users of alendronate replicated the findings of 
head-to-head RCTs of these drugs. These findings could 
therefore be used as the rationale for further comparator 
RCTs to optimise care pathways. Advanced approaches 
to management of RWD including use machine learning 
could improve fracture identification and drug comparison 
studies.

Health economics

RWE also has the potential to increase the quality and reli-
ability of health economic evaluations. Cost-effectiveness 
analyses are assuming significant importance in policy 
decision-making and therefore are increasingly being con-
ducted to assess the economic value of interventions such 
as antiosteoporosis medications [53] or fracture liaison ser-
vices in the field of osteoporosis [54]. This helps facilitate 
the appropriate use of limited healthcare resources. Eco-
nomic evaluations typically use models to characterise the 
natural history of disease and the effects of interventions, 
by combining epidemiological data, economic information 
(costs and quality of life) and efficacy/effectiveness data. By 
definition, cost-effectiveness analyses evaluate the effective-
ness (the effect in a routine clinical care setting) of health 
interventions and not their efficacy (the effect in ideal trial 
conditions). However, most economic studies have used 
efficacy data derived from trials or meta-analyses. The 
incorporation of medication adherence has been recom-
mended to better assess the real-life cost-effectiveness of 
interventions in clinical practice and recent studies have 
increasingly explored this [55, 56]. RWE may provide good 
estimates of treatment adherence, fracture probabilities, 
costs, quality of life and drug effectiveness, and is there-
fore crucial to design appropriate economic models that 
better reflect real-life settings. To date, however, very few 
real-world effectiveness studies have been used in economic 
evaluation and this represents an important area for further 
research.

Challenges and limitations of RWE

Similar to other clinical research, RWE studies need to 
adhere to principles for high quality evidence generation: 
transparency, data suitability to answer a specific research 
question and appropriate analysis to both minimise bias 
and characterise uncertainty. Recognising the challenges 
and limitations of using RWD is important to research-
ers conducting RWE studies and those appraising their 
findings.

Data quality

Using data from real-world sources can allow large quan-
tities of data to be rapidly acquired but RWD usually do 
not have the quality assurance of data collected within a 
clinical trial or prospective observational study. In a trial 
setting, laboratory measurements are typically collected by 
a small number of trained fieldworkers following standard 
operating procedures with cross-calibration of instruments 
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allowing accuracy and precision. Clinical data are often 
collected through validated questionnaires or through com-
pletion of case report forms by the investigator though the 
provenance of the data used in the case report forms is not 
always described in detail. In contrast, the level of training, 
methods and instruments used for RWD are often unknown 
and will vary between healthcare providers leading to more 
heterogenous data. Blood pressure, for example, can be 
measured manually or electronically. Even computer-gen-
erated data, such as from dual-energy X-ray absorptiometry 
(DXA), is subject to measurement variation between instru-
ments [57]. The level of coding of clinical data in electronic 
health records may vary between clinicians and/or could be 
related to reimbursement practices.

Covariate data are also limited by availability within the 
database used. This should be reviewed when considering 
database suitability to address a research question.

An ongoing FDA-funded project RCT-DUPLICATE is 
aiming to establish if non-randomised study approaches 
using healthcare databases can consistently match the results 
of published clinical trials and predict the results of ongoing 
trials to provide some confidence in the validity of RWE in 
the absence of RCT evidence [61] and work to understand 
and improve data quality using advanced RWE techniques 
is also in progress [62].

Risk of bias

Bias that threatens the internal validity of study can occur 
for several reasons. These are described below.

Recall and misclassification bias

Data derived from patient/caregiver questionnaires or inter-
views could be subject to recall bias when respondents 
selectively or inaccurately report historical events. The use 
of objectively defined and documented exposures and out-
comes, for example prescriptions, fracture or death, may be 
preferable to subjective, patient-recalled and/or heterogene-
ously measured outcomes, but coding errors in drugs and 
diagnoses can result in misclassification bias. Furthermore, 
diagnostic codes, such as International Classification of 
Diseases (ICD) codes, have evolved over time, with more 
specific codes used in each edition, and coding of complica-
tions such as AFF and osteonecrosis of the jaw only recently 
being used. Even with an objective outcome, validation of 
the definition used and how this is derived from the data 
are required to prevent misclassification. When considering 
fracture as an outcome, several validation studies have been 
published for deriving fracture from diagnostic codes used in 
some of the more commonly used databases including Medi-
care [58], other US administrative claims databases [59], 
CPRD [14] and SIDIAP [16]. Konstantelos et al. recently 

undertook a scoping review of how fracture was defined in 
studies of osteoporosis drugs using claims data from the 
USA or Canada [60]. Half of the 57 studies reviewed did not 
provide a citation for their fracture definition and half did 
not indicate specific data sources for the codes used for their 
outcome definitions. There was also marked variation in the 
definitions used. For example, amongst the 29 studies with 
a definition for hip fracture reported, twelve different defi-
nitions were used. Similarly, nine different definitions were 
used for vertebral fracture in fifteen studies [60]. Moreover, 
when considering hip fracture, some definitions included 
an inpatient diagnosis and procedural code, which would 
miss patients that are deemed unsuitable for or die before 
surgical intervention, whereas others include an inpatient 
or emergency department diagnosis, which may capture a 
larger number of cases. These differences in definitions limit 
comparisons between studies.

Missing data (information bias)

Missing data pose a considerable challenge in the analysis 
of RWD. Thought needs to be directed towards the cause of 
missingness, which can be classified as [63]:

•	 Missing completely at random (MCAR)—no systematic 
differences between those with and without values.

•	 Missing at random (MAR)—systematic differences 
between the missing values can be explained by differ-
ences in observed data.

•	 Missing not at random (MNAR)—systematic differences 
remain after observed data accounted for.

For example, missing data on a sit-to-stand test might 
occur because the test was not performed by individual clini-
cians or at certain centres (MCAR), because it is less com-
monly performed in younger patients (MAR) or because the 
patient was unable to participate in the test due to functional 
limitations (MNAR).

Complete case analysis, in which only those without 
missing data are included, can be performed, but can lead 
to selection bias, a lack of generalizability and a smaller 
sample size and study power. When data is MAR, this 
can be overcome using multiple imputation. This statisti-
cal approach allows individuals with incomplete data to 
be included in analyses. In brief, multiple copies of the 
dataset are created, with the missing values replaced by 
imputed values generated from predictive distribution 
based on the available non-missing data. Standard statis-
tical methods are subsequently used to fit the model of 
interest to each of the imputed datasets, and the estima-
tions, which will differ due to the variation introduced 
by the imputed missing values, averaged together to give 
an overall estimated association [63]. It is recommended 
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that specialist statistical knowledge is sought as multiple 
imputation is not appropriate for all missing data includ-
ing data that is MNAR, where imputation will introduce 
further biases [63].

Healthy complier bias and confounding by indication

Confounding occurs when there are common causes for 
both the choice of intervention and outcome. This can be 
due to healthy-complier bias, in which healthier individuals 
are more likely to seek out and adhere to a treatment and 
may be at lower risk of an outcome. Conversely, confound-
ing by indication (sometimes referred to as “channeling 
bias”) can occur when the decision to commence a treat-
ment is influenced by both clinician and patient factors, 
such as disease severity, comorbidity, and expected out-
comes and risks [64]. This results in an imbalance in the 
underlying risk profile between those who did and did not 
receive the treatment. This is particularly observed when 
treatment indications are narrow or restricted. For exam-
ple, newer treatments might be limited to those with more 
severe disease. A good example, from the UK, would be 
teriparatide, which under guidance from NICE is permit-
ted for use only in those who have a fracture on existing 
treatment and have low BMD [65]. If the risk profile is 
also an independent predictor of the clinical outcome being 
assessed, this leads to confounding by indication (Fig. 2). 
This can appear to strengthen, weaken or reverse a true 
effect, and will be particularly relevant to real-word drug 

effectiveness comparison studies, where a treatment that 
is limited to more severe disease may appear to have a 
poorer outcome [66]. Confounding by indication can also 
be intertwined with time-lag bias, which occurs when two 
groups are compared without consideration of the under-
lying disease duration and how this might affect outcome. 
This most commonly occurs in studies comparing first- and 
subsequent-line drugs.

Propensity scoring can be used to control for confound-
ing by indication and has been used in several of the pre-
viously mentioned studies that compared antiosteoporosis 
drug effectiveness and safety [44, 46]. In this approach, 
multivariable logistic regression models are used to esti-
mate the probability of an individual being prescribed the 
treatment. Individuals with the same propensity score are 
considered to, on average, have the same likelihood of 
receiving a treatment. These scores can be used for case 
matching and/or in stratified analyses [64]. Presentation 
of cohort characteristics before and after propensity score 
matching should be reported to understand the treated popu-
lation within the overall at-risk population. An important 
limitation is that propensity matching is restricted only to the 
measured matching variables and does not always overcome 
confounding.

Residual confounding

Residual confounding can still occur despite attempts to 
control for known covariates, including when propensity 

Osteoporosis
Severity

Treatment 1
(offered to patients with
more severe disease)

Fracture

Treatment 2 
(offered to all patients)

vs

Fig. 2   Confounding by indication. An example in which osteoporo-
sis severity influences treatment choice and fracture risk. In observa-
tional work, knowledge of underlying disease severity or other risk 
factors might influence treatment choices made by the clinician and/
or patient, with a potentially more powerful intervention used in those 
with more severe disease/higher risk. These same decision influenc-
ing factors might also influence the likelihood of the outcome being 
studied resulting in confounding by indication. For example, in the 

UK, teriparatide is only available for women with severe disease, who 
are by the same definitions used also at increased risk of fracture. 
Comparing fracture rate in women treated with teriparatide to those 
treated with other antiosteoporosis medications, would likely suggest 
that teriparatide had a higher fracture rate unless approaches to con-
trolling confounding by indication, such as propensity matching, are 
used
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scoring is used, either because covariates are unknown or 
not measured. Work by Robinson et al. has demonstrated the 
importance of consideration for residual confounding when 
drawing conclusions. Using data from CPRD, bisphospho-
nate use was associated with increased risk of hip, non-hip 
and osteoporotic fracture in patients with chronic kidney 
disease. However, when time to fracture was restricted to 
180 days, a period in which the effect of bisphosphonates 
would not be expected to be apparent, the hazard ratios for 
fracture remained elevated, highlighting that the excess risk 
was likely not attributable to the bisphosphonates but may 
represent residual confounding [67].

Immortal time bias and negative time windows

Immortal time is when participants/study cases cannot expe-
rience an outcome during a period of the follow-up time. 
This can occur when study cases are allocated to a treatment 
group, but there is a delay in collecting a prescription. By 
design, participants allocated to the treatment group could 
not have died or fulfilled an outcome between the time of 
entering the cohort and the time of collecting the prescrip-
tion, and as such this immortal time contributes to the 
treated group and leads to an underestimation of outcome 
events in that group. Careful study design to ensure expo-
sure and data collection times are aligned or a time-varying 
exposure approach is used to prevent immortal time bias.

A negative time window is the period in which the effect 
of an intervention would not be expected to alter the out-
come. Knowledge of the pharmacology of a drug is required 
to establish an appropriate window; for example, the effect 
of a bisphosphonate on fracture risk would not be expected 
immediately and thus any fracture within the first few 
months of treatment are not likely related to the bisphos-
phonate effects, whereas a beta-blocker would be expected 
to have a rapid effect on blood pressure. In the previously 
discussed study by O’Kelly et al. that demonstrated ongoing 
effectiveness of osteoporosis medications in clinical prac-
tice, fracture incidence in the early period (0–3 months) after 
treatment initiation was used as the control period, since 
an effect of the medications would not be expected in this 
period. This also allowed for the followed cases to act as 
their own control group [47].

Immeasurable time bias

Immeasurable time bias can occur in pharmacoepidemio-
logic studies when only primary care or community pre-
scription dispensing records are used and drug dispending 
during periods of hospitalisation is not considered [68]. 
Incorrect classification of hospitalised patients, who are 
typically at greater risk of death and other adverse events, as 
unexposed when hospital pharmacy records are unavailable 

can overestimate drug benefits, and conversely, an appar-
ent reduction in prescription dispensing during prolonged 
admissions or inaccurate knowledge as to when the drug 
was commenced during an inpatient stay may result in inac-
curate follow-up periods. Adjustment for hospitalisation as a 
time-varying variable can be used to overcome this bias [69].

Managing “Big Data”

Use of real-world databases has the potential to generate 
substantial amounts of data in a relatively short timeframe. 
Ongoing projects, such as the OneSource Project that aims 
to automate the flow of electronic health records into exter-
nal systems for RWE study usage [70] and the Data Analysis 
and Real World Interrogation Network (DARWIN EU®), 
will further facilitate ease of data access. “Big Data” has 
been defined as “extremely large datasets which may be 
complex, multi-dimensional, unstructured, heterogenous 
which are accumulating rapidly, and which may be analysed 
computationally to reveal patterns, trends, and associations” 
[71]. Increasingly multiple datasets are linked together to 
answer a single research question leading to more complex 
data. It is important that researchers using these databases 
understand how and where the data were generated and 
curated from the clinical encounter to the data as presented 
to them. This will require a close working relationship with 
those involved in the data curation and advanced approaches 
to analysis. Some data will need substantial preparation 
prior to use, for example extracting usable data from narra-
tive clinical notes. This is likely to require the input of data 
scientists and technological approaches. Machine learning 
is being increasingly used in the analysis of complex data-
sets, and for example could be used to identify symptoms 
suggestive of fractures (such as acute back pain), but these 
approaches often lack transparency and reproducibility, and 
indeed the same algorithm can be run multiple times giving 
different answers [72].

Achieving best practice in the conduct 
and reporting of RWE

A narrative synthesis of the feedback from the Committee 
of Medicinal Products for Human Use (CHMP) appraisal 
on RWE to support claims in MAA and EOI to the EMA 
highlighted that the main issues with regards to the pre-
sented RWE included lack of pre-specified analysis plans, 
risk of confounding and selection bias, small sample size, 
missing data and lack of population representativeness 
[39]. Similar findings were also observed in FDA applica-
tions [37]. Drawing on these and the limitations and chal-
lenges of RWD discussed above, we recommend several 
principles for the conduct and reporting of RWE studies 
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with a focus on achieving transparency. These are sum-
marised in Fig. 3.

Transparency in design and conduct: study 
registration and protocol publication

The planning of an RWE study should begin with a clearly 
defined research question or hypothesis based on a biologically 
plausible rationale. The “PICO” structure can be helpful in 
defining this: Population (e.g. demographics, disease), Inter-
vention or variable of Interest (e.g. an intervention, exposure 
to a disease/variable, risk factor), Comparison (e.g. placebo, 
standard care, absence of risk factor), Outcome (e.g. risk of 
disease, event). The outcomes considered should be measured 
and reliable, and this may influence the choice of dataset.

Since 2005, it has been a requirement that clinical tri-
als are registered prior to patient enrolment in a publicly 
available trial registry [73]. This approach was adopted to 
increase the transparency of trial conduct and reporting, 

increase replicability of studies and improve study quality. 
Subsequently, research registries have expanded to include 
non-intervention studies and systematic reviews and meta-
analyses, and registration of RWD studies should also be 
encouraged. The European Union Electronic Register of 
Post-Authorisation Studies (EU PAS Register (encepp.eu)) is 
a publicly available register specifically for non-intervention 
post-authorisation studies. RWE studies can also be regis-
tered in the clincaltrials.gov database and the Open Science 
Framework (osf.io). Study protocols for RWE studies should 
include methods for data curation and analysis plans. The 
latter may include definitions for exposures and outcomes, 
inclusion and exclusion criteria, management of missing 
data, the approach to managing confounders, minimising 
bias and propensity scoring, and how the data will be ana-
lysed. Pre-specification of subgroup analysis with justifica-
tion for the approach is also important. These practices aim 
to prevent “data dredging”, i.e. result-driven selection of 
study parameters and selective reporting towards positive 

Study 
Planning

• Clearly defined research ques�on
• Pre-specified analysis plan
• Registra�on in study registry or open-source publica�on of protocol

Data 
Selec�on

• Assess data suitability to answer the research ques�on
• Direct access and verifica�on of data by at least 2 authors 
• Documenta�on of all stages of data cura�on

Data 
analysis

• Publica�on of all code for data cura�on and analysis
• Data sharing if possible
• Publica�on of all results not just posi�ve/interes�ng or “sta�s�cally 

significant” results
• Use of repor�ng checklists when manuscript wri�ng

Repor�ng

• Use of validated exposure and outcome measures
• Avoidance of “data dredging” by following analysis plan
• A�en�on to poten�al sources of bias and confounding
• Careful considera�on of the use of machine learning

Fig. 3   Considerations in the planning, conduct and reporting of RWE studies in osteoporosis
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or interesting findings, and thus increase confidence in pub-
lished findings.

Transparency in data usage and analysis

Local data protection laws should, of course, be followed 
when accessing stored data. These vary widely across the 
world [74]. Consideration should also be given to protocol 
review by a research ethics review board to ensure that data 
usage complies with local ethical standards for healthcare 
research.

Considerations need to be given to the appropriateness 
of the data source to answer the specific research question, 
and an assessment of the completeness and accuracy of key 
study variables should be undertaken before proceeding to 
more detailed analysis. Structured frameworks for assessing 
the suitability of data sources to answer a research question 
are available [75].

Trustworthiness of a data source is increased if research-
ers using RWD know the origin of the data and how it has 
been transformed. Reporting of the statistical code used for 
data transformation, and cleaning and analysis in an open-
source format should be encouraged to enable reproducibil-
ity of statistical methods in another dataset. A recent high-
profile paper reporting a RWE study on hydroxychloroquine 
treatment in COVID-19 infection was retracted from publi-
cation after the authors were refused access to the dataset to 
evaluate the origination and completeness of the database 
and to replicate the analyses presented in the paper follow-
ing concerns of data veracity [76]. Whilst considerations of 
confidentiality are important, and local data governance laws 
need to be followed, sharing of analytic code and data would 
have allowed for replication and confidence in the findings. 
As a result, Lancet journals have made modifications to the 
signed declarations by authors and peer review process for 

manuscripts using real-world datasets. The author statement 
form will require that more than one author has directly 
accessed and verified the data reported in the manuscript, 
and that these authors are named in the contributors’ state-
ment [77].

Transparency in reporting

The minimum reporting requirements for studies using RWD 
data are outlined in the REporting of studies Conducted 
using Observational Routinely-collected Data (RECORD) 
and the REporting of studies Conducted using Observational 
Routinely-collected Data for non-interventional Pharma-
coEpidemiological research (RECORD-PE) checklists [78, 
79]. This consistency in reporting ensures that key ques-
tions, such as why and how the research was conducted and 
whether the results reflect the prespecified research ques-
tions, are easily answered, allow for a clear assessment of 
study quality and validity, and facilitate the replication of 
methods and results.

Future research using real‑world data 
in osteoporosis

Real-world data, when used in well-designed research stud-
ies, has the potential to answer many novel research ques-
tions in the field of osteoporosis. RWE will not replace 
RCTs. The latter are still required to demonstrate safety and 
efficacy of new treatments. RWE also cannot easily be used 
to study drugs that are not yet licenced as exposure data are 
not available. However, RWE could be used to expand osteo-
porosis drug horizons to specific patient groups, to establish 
new care pathways (for example by comparing long-term 

Table 2   Examples of potential future uses of real-world evidence in osteoporosis research

Broad remit Examples of potential future research

Natural history studies • Establishing osteoporosis/fracture risk in specific sub-populations (e.g. Parkinson’s disease, dementia)
• Understanding treatment adherence to different types of osteoporosis medications (e.g. oral, intravenous, 

subcutaneous)
• Establishing childhood and early-life risk factors for adult osteoporosis (e.g. obesity, childhood fracture, 

medication use)
• Influence of external factors/phenomenon (e.g. COVID-19 pandemic) on fracture risk and/or prescribing 

habits
Post-marketing safety monitoring • Assessment of potential rare side effects of medications

• Establishing risk factors for atypical femoral fractures
Long-term effectiveness • Effectiveness of osteoporosis medications in men, including comparison of different therapeutic agents

• Elucidation of effects in specific co-morbidities (e.g. cardiovascular disease, chronic obstructive pulmonary 
disease, dementia, obesity)

• Effectiveness of therapeutic interventions across ethnic groups
Health economics • Integration of real-world effectiveness data into health economic analyses



1295Osteoporosis International (2023) 34:1283–1299	

1 3

drug effectiveness) and to assess potential rare side effects 
and expand safety data of already licenced drugs. Exam-
ples of potential uses of RWE in osteoporosis are given in 
Table 2.

Conclusions

The use of real-world data in research and decision-making 
is growing, and without doubt can be used to deepen our 
understanding of osteoporosis and fracture epidemiology, 
to understand the use, effectiveness and safety of interven-
tions in clinical practice, and could potentially accelerate 
the approval of new medications. However, it is vital that 
this research is conducted to the highest standard with close 
attention to the limitations and biases of routinely collected 
observational data. As these data become increasingly com-
plex, transparency is required at all stages of study design, 
data acquisition and curation, analysis and reporting to 
increase the trustworthiness of RWE study findings and 
increase its incorporation into regulatory and reimbursement 
decision-making and clinical practice guidelines.
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