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Increasing availability of large routinely 
collected datasets presents many 
possibilities to answer more questions 
about health and disease, and at a 
faster pace. These opportunities are 
exciting, but, without the necessary 
expertise, well intentioned researchers 
can unwittingly fall into traps that make 
their work indistinguishable from that 
of less well meaning researchers. This 
article describes important challenges 
that arise in the analysis of routinely 
collected data and offers mitigation 
strategies to improve the 
trustworthiness of experimental and 
observational studies with the aim of 
explanation or prediction using 
classical statistical methods or AI 
algorithms. It also provides a roadmap 
to support researchers in conducting 
analyses on routinely collected data 
that produce more reliable estimates.

The ever increasing availability of large datasets 
allows for exciting opportunities for research to 
enhance human health. Studies based on routinely 
collected data use datasets that are not collected for 
research purposes, such as electronic health records, 
administrative claims and billing data, registries, or 
information from wearables and apps. We use the term 
routinely collected data instead of the widely used 
terms real world data and real world evidence, because 
it avoids the well documented ambiguity surrounding 
these terms, for which numerous and inconsistent 
definitions exist.1 In line with this, the term “real world” 
is being used for study designs as diverse as systematic 
reviews, case series, randomised controlled trials, and 
cross sectional diagnostic accuracy studies,2 whereas 
major reporting guidelines recommend that the study 
design be explicitly identifiable.3 To avoid conflating 
data source with study design, we therefore use the 
term routinely collected data, which more accurately 
refers to the origin of the data rather than implying a 
particular type of evidence. Routinely collected data 
have potential for each of three common tasks of data 
analysis4: description (what are the characteristics of a 
certain group and how are they related?); explanation 
(how does an intervention affect outcomes?); and 
prediction (how precisely can future events be 
forecasted or current states of health be diagnosed5?).

Routinely collected data raise hopes of so-called 
real world evidence that can optimise personalised 
treatment regimens at scale by recognising patterns 
and rare events, using long term outcomes. Advances 
in computing power and rapid developments in the 
field of AI fuel the allure of automated analyses that 
will place data driven, personalised medicine within 
reach.6 Although AI and digitalization in health hold 
great potential for reducing costs, providing broader 
access to care and improving data quality in routinely 
collected data, enthusiasm about data and algorithms 
has been dampened by sobering warnings that, 
without expertise in study design, data collection, and 
data analysis, throwing algorithms at large quantities 
of data may do more harm than good.7-9 Contradictory, 
overoptimistic, and unreplicable findings are to be 
expected, and health disparities may be exacerbated.10 
Childers and Maggard-Gibbons discuss the results of two 
teams of researchers who considered the same research 
question on the American College of Surgeons National 
Surgical Quality Improvement Program (NSQIP) but 
used different outcome measures, inclusion and 

SUMMARY POINTS
Routinely collected data, which are increasingly used for research purposes, 
offer significant opportunities in terms of time and cost of data collection, but 
researchers often lack knowledge of how the data were generated and control 
over how they were collected
Common challenges in the analysis of routinely collected data include representat­
iveness, time point alignment, data quality, interventions and tests not being 
random, and analytical variability due to a multiplicity of possible analysis strategies
The flexibility of AI algorithms can make them highly vulnerable to the biases 
arising in the analysis of routinely collected data
Without rigorous internal and external validation, and in the absence of clinical 
and methodological expertise, these AI tools may do more harm than good when 
analysing routinely collected datasets
Lack of data integrity may mean that prospectively collecting research data will 
often be better, as no evidence for a research question may be preferable to 
evidence from a low quality study that may be misleading and over-interpreted
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exclusion criteria, covariates, and operationalisation 
of covariates and obtained opposite findings that were 
published in the same year and the same journal.11 
Several automated early warning systems that are being 
integrated in electronic health records have shown 
disappointing performance in practice.12  13 Finally, 
analyses of routinely collected data can give rise to so-
called big data paradoxes whereby “the more the data, 
the surer we fool ourselves”14, producing seemingly 
very precise but biased results that are far from the true 
value being estimated. This has best been exemplified 
with studies for prediction of influenza-like illness and 
the estimation of vaccine uptake.15 16 Overall, concerns 
exist that the availability of big routinely collected 
data in combination with powerful AI algorithms will 
lead to a deluge of scientific publications of dubious 
value, drowning out trustworthy research findings and 
undermining the credibility of health research.17 18

Researchers need tools to critically appraise 
studies using routinely collected data. Several 
reporting guidelines and checklists exist for the 
analysis of routinely collected data,19-21 but little 
practical guidance is available on how to evaluate 
and to improve their quality in light of the challenges 
that arise. Moreover, previous efforts to discuss 
these challenges have largely focused on either 
experimental or observational studies with the aim 
of explanation or prediction using either classical 
statistical methods or AI algorithms. Considering these 
different designs, tasks, and methods separately may 
create false dichotomies. As they are often affected 
by the same problems, we argue that considering 
them together is more fruitful. This paper discusses 
important questions, suggests guiding principles 
for interpretation, and, where possible, describes 
strategies to overcome challenges and limitations. 
It also provides a roadmap to support researchers in 
conducting analyses on routinely collected data that 
produce more reliable estimates.

Challenges in the analysis of routinely collected data

The combination of some data and an aching desire 
for an answer does not ensure that a reasonable 
answer can be extracted from a given body of data.

John Tukey

Routinely collected data offer significant opportunities 
in terms of time and cost of data collection, but 
appropriate analysis and interpretation of results are 
challenging. When data are prospectively collected 
for research purposes, the design can be aligned 
with the aims of the study by enrolling participants 
that ensure a representative sample and by pre-
specifying standardised procedures to measure all 
relevant variables. Routinely collected data are 
usually collected for a completely different purpose, 
such as administration or clinical documentation, 
and do not involve any additional prospective data 
collection. As a result, researchers have little control 
over the selection of patients included in the data, 
the selection of variables that are measured, and 

when and how they are measured. Treatments are 
typically not randomly assigned, reasons for treatment 
decisions may not be recorded, masking is typically 
not possible, and measurements, including those of 
outcomes, are usually not standardised but rather 
reflect results of everyday clinical decision making. 
Box 1 provides evidence and examples of challenges 
arising in the analysis of routinely collected data, and 
supplementary table A provides an overview of risks 
and mitigation strategies.

Representativeness and generalisability
Inclusion and exclusion criteria for studies using 
routinely collected data are usually dictated, or at least 
limited, by data availability. Despite the promise of 
routinely collected data to maximise representativeness 
and generalisability by providing evidence under “real 
world” conditions, these datasets are often collected 
in specific contexts (for example, university hospitals, 
statutory insured) and underrepresent or misrepresent 
certain groups of patients.22  63 As shown in box 1, 
evidence shows disparities in the access to and the use 
of healthcare services. Moreover, substantial variation 
may exist in patients’ characteristics and in disease 
occurrence across sites in multisite studies.64  65 Even 
if the routinely collected data include a representative 
sample from the target population, identifying patients 
will often be challenging because the data simply 
lack information to establish inclusion and exclusion 
criteria,66  67 potentially requiring changes in the 
research question that can be answered with the data.

When the aim is explanation, a dataset that 
is unrepresentative of the target population 
may undermine external validity and affect the 
generalisability of results. This is particularly true 
when the distribution of treatment effect modifiers 
differs between the available data and the target 
population.68 For both explanation and prediction, 
a non-representative sample is highly problematic 
when the selection is made on the basis of a so-called 
collider that may, for instance, be influenced by both 
exposure and outcome.69 70 As pointed out by Griffith 
and colleagues,69 restricting analyses to patients 
who have been admitted to hospital may attenuate, 
inflate, or reverse the sign of the association between 
any variables that relate to hospital admissions. In 
prediction, models that are developed on routinely 
collected data with high disease incidence may show 
poor calibration by overestimating risks.65 Moreover, 
predictive performance may be poor for groups 
that are underrepresented or misrepresented in the 
data,71  72 potentially exacerbating existing health 
disparities.10 73

Tackling representativeness and generalisability
To evaluate the representativeness of the sample, 
population data can be used to compare distributions 
of demographic and clinical variables. For multisite 
studies, reporting how patients’ characteristics and 
outcomes vary across sites is important. Findings 
derived from a single centre’s database may need 
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verification against broader samples to ensure that 
the results hold across different populations and 
healthcare settings, and different matching and 
weighting approaches are available to improve 
representativeness.74 75

For prediction models, evaluating model performance 
in the target application setting is very important.76 
Prediction models can never be considered fully 
“validated.”77 In this sense, using prediction models 
that are clinically useful requires infrastructure and 
personnel for maintenance, continuous monitoring 
of model performance, and retraining in case of 
distribution shift. With routinely collected data, this 
may often occur whenever documentation practices, 
diagnoses, treatment options, or guidelines change 
over time or across different sites. Importantly, when 
evaluating a prediction model, one must not only 
assess its overall predictive performance but also 
evaluate clinical utility,78 including net benefit for 
different subgroups that might be misrepresented or 
underrepresented in routinely collected data.79 Net 
benefit quantifies a model’s clinical utility to support 

a specific treatment decision by subtracting the 
weighted frequency of false positives from that of true 
positives. The weight reflects the relative importance 
of false negatives and false positives to capture the 
consequences of using the model to support clinical 
decision making. Net benefit is typically compared 
with alternative strategies, including competing 
models and the default strategies of treating everyone 
or treating no one.

Data quality
As routinely collected data are not recorded to answer 
a specific research question, many relevant variables 
may be inadequately or inconsistently captured. 
Understanding the data collection process is thus of 
critical importance. Recording and documentation 
practices may vary between different clinical settings 
and sites and over time, perhaps as a function of 
incentives and of the overall workload of the personnel 
collecting the data.80 81 This creates a high risk of non-
ignorable missing data and spurious associations,41 
resulting from structural problems such as variation 

Disease
severity  

Ethinicity

Quality of
care

Treatment Mortality

Target population ID Hospital Treatment BGA CL Diagnosis
1 1 A 1
2 1 B 0
3 1 B 1
4 1 A 1
5 1 B 1
6 1 A 0
7 1 B 1
8 1 C 1
9 1 C 0

10 1 A 0
11 1 C 0
12 2 A 0
13 2 A 0
14 2 B 0
15 2 A 0
16 2 1
17 2 B 1
18 2 A 1
19 2 B 1
20 2 1
21 2 B 1
22 2 B 1
23 2 1

FrailtySES

• Treatment A, B, and C available
• Quality of care overall high 

• Blood values measured at 
hospital admission

• Central laboratory 
measurements for all patients

• Additional point-of-care blood 
gas analysis only for patients 
with high disease severity

• Advanced imagining techniques
with high sensitivity 

True model:

Hospital 1

• Disease
severity
overall high

• Treatment A and B are 
available 

• Quality of care overall low

• Blood values measured 8-15 
hours aer hospital admission 

• Reporting of blood values, 
irrespective of provenance 
from point-of-care blood gas 
analysis or central laboratory  

• Basic imaging techniques with
low sensitivity  

• Disease
severity
overall low 

• SES overall high  

Hospital 2

Fig 1 | Fictive example of a study using routinely collected data involving data collected in a tertiary referral hospital (hospital 1) and a primary 
care hospital (hospital 2). Quality of care, socioeconomic status (SES), frailty, race, and disease severity are all confounders that would need to be 
accounted for to obtain unbiased estimates of treatment effects when the aim is explanation. However, these variables are not directly measured 
or are unmeasured, leading to a high risk of residual confounding or confounding by indication. The situation is further complicated by the fact that 
treatment C is available only in the tertiary hospital where patients have overall higher disease severity (represented in dark blue). In the dataset 
combining the patients from the two hospitals, missing data (illustrated as blue cells) are highly predictive of mortality as point-of-care blood 
gas analysis (BGA) measurements are done only for patients with high disease severity in hospital 1 and central laboratory measurements are not 
recorded whenever the patient died before the values became available. When the aim is prediction, a flexible algorithm may find that the most 
important features to predict mortality are the brand of the machine that is used to do imagining (which differs across hospitals), having point-
of-care BGA measurements (only done for patients with high disease severity in hospital 1), and having a missing value for central laboratory (CL) 
measurements (which may occur when a patient dies before the test results are available, making the recording of this value superfluous). The fact 
that the decision to do certain tests is not random but a decision based on clinical knowledge that is not recorded in the data, implicit problems in 
time point alignment, and apparent associations merely arising from differences in eligibility and data quality, can thereby lead to algorithms that 
show impressive predictive performance but that will have little clinical usefulness
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Box 1: Evidence and published examples of challenges arising in the analysis of routinely collected data (RCD)

Representativeness
•	Evidence shows that ethnic minorities, patients without medical coverage, and low income and rural populations are underrepresented, whereas 

women, older people, more educated patients, and patients with a greater burden of comorbidity are overrepresented in RCD.22-29 If patients from 
underrepresented groups are present in the data, a substantial risk exists that they may be misrepresented as they receive fewer diagnostics tests 
and interventions,26 and they are more likely to visit multiple institutions26 30-33 and to be lost during data linkage,34 leading to incomplete and 
fragmented patient records

•	These problems are further compounded when datasets are combined. In a systematic review of public covid-19 radiographic datasets, for 
instance, Garcia Santa Cruz and colleagues found that many were at a high risk of inducing bias in prediction models, because they included 
radiographs from children under 5 years of age from Guangzhou, China, as controls35

•	Identifying a representative sample from the target population may be further complicated by the fact that inclusion and exclusion criteria can often 
not be established perfectly. Vanasse and colleagues and Alistair and colleagues report strong variations in treatment prevalence of schizophrenia 
(ranging from 0.59% to 1.49%) and in-hospital mortality rates (ranging from 14.5% to 30.1%) when comparing different criteria to identify patients 
with schizophrenia and sepsis in RCD, respectively36 37

Data quality
•	Data audits generally report substantial error rates in RCD
•	In a data audit of an international HIV research network, Duda and colleagues reported error rates exceeding 10% in key study variables, including 

weight measurements, antiretroviral drugs, and laboratory data, at five of seven sites38

•	In a manual chart review comparing the operative note with the operative log for laparoscopic appendectomies reported to the American College 
of Surgeons National Surgical Quality Improvement Program, Childers and Maggard-Gibbons report that for 10 of 11 cases for which the operative 
note had been coded as not using a retrieval bag, the operative log mentioned the use of a retrieval bag39

•	Peng and colleagues found evidence for substantial undercoding in hospital discharge abstract database records,40 with estimated sensitivity 
ranging from 18.6% and 44.9% for obesity and depression to 68.3% and 84.6% for hypertension and diabetes

•	Bilimoria and colleagues and Schwarzkopf and colleagues report how site specific reporting can create spurious associations and bias for venous 
thromboembolism rates and sepsis, respectively41 42

•	In a survey among almost 30 000 patients, Bell and colleagues found that 21.1% reported documentation errors in electronic health record 
ambulatory care notes with higher error rates being reported by older and sicker patients and 6.5% of errors reflecting notes written on the wrong 
patient43

•	If a study involves data linkage, an inherent trade-off between false matches and missed matches exists,44 introducing additional errors
•	Even in cases in which the documentation of prescribed drugs is correct, treatment status may be unknown as several studies have found 

adherence rates in routine care to be much lower than in randomised controlled trials, with only around half of patients actually taking treatments 
as they are prescribed and adherence rates showing substantial variation as a function of age and other sociodemographic factors45-50

Time point alignment
•	In a representative sample of reports of comparative non-randomised studies that assessed the effectiveness and/or safety of drug treatments, 

Yaacoub and colleagues found that most reports used RCD and that in 72% (143/200) of studies eligibility, treatment assignment, and start of 
follow-up were not aligned.51 In an audit on data quality in an international HIV research network, Duda and colleagues found that treatment 
regimens and associated dates and the timings of laboratory measurements were especially prone to error,38 with error rates of up to 56% (54/96) 
and 42% (26/62), respectively. In such a situation, an alignment of eligibility, treatment assignment, and follow-up is challenging—sometimes 
impossible—to achieve

•	Lack of time point alignment is also common in prediction models. In a model to predict hypertension, for instance, the most important 
features included lisinopril, hydrochlorothiazide, enalapril maleate, amlodipine besylate, and losartan potassium, all of which are used to 
treat hypertension.52 In line with this, Winter and colleagues found that in 90% (18/20) of cases of clinical deterioration events, clinical actions 
reflecting changes in patient status and/or first order reflecting escalation of care preceded alerts through the paediatric Rothman Index,13 which is 
an automated warning system integrated in the electronic health record system

Interventions, tests, and other clinical actions are not random or pre-specified
•	Bosco and colleagues found that no adjustment method resolved confounding by indication when they assessed breast cancer recurrence among 

women treated with adjuvant chemotherapy compared with women who did not receive adjuvant chemotherapy.53 Similarly, observational studies 
reported increased mortality with digoxin treatment. Re-analyses of the randomized DIG trial showed the inability to control bias in observational 
treatment comparisons despite extensive statistical adjustments: (non-randomised) prescription of digoxin was an indicator of disease severity 
and worse prognosis, which could not be fully accounted for by covariate adjustments in the DIG trial in which patients were well characterised54

•	Similar problems arise from interventions, diagnostic tests, and other clinical actions not being random when building prediction models. In the 
analysis of chest radiographs, AI algorithms have been reported to use information on whether a portable scanner had been used in the detection 
of pneumonia and on the presence of thoracic tubes in the detection of pneumothorax.55 56 Winkler and colleagues found that surgical skin 
markings substantially altered predictions of an algorithm for melanoma detection from dermoscopic images.57 Agniel and colleagues found that 
for many common laboratory tests, the moment at which the test was done was more predictive of survival than the test result itself.7 In a recent 
investigation of algorithmic fairness, Yang and colleagues found that healthcare disparities arising from underdiagnoses may be exacerbated 
through prediction models, with consistently larger fairness disparities of a state-of-the-art foundational model compared with radiologists in chest 
radiograph diagnosis; the model showed systematic underdiagnosis in female, younger, and black patients58

(Continued)
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of documentation practices across sites, from 
measurements being taken only for certain patient 
populations (for example, with high disease severity), 
or from a combination of these two factors. Excluding 
patients with missing values can therefore lead to 
selection bias.

In an urgent clinical situation, for instance, 
documenting clinical measurements irrelevant to 
immediate patient care is rightly of low priority. 
A clinician may then leave non-mandatory fields 
blank, creating missing data. For mandatory fields, 
a clinician may fill in an arbitrary allowable value, 
leading to substantial measurement error. Similarly, 
data collection and reporting are typically non-
standardised. When patients from different sites 
are included in the same study, some sites may use 
advanced imaging techniques, use highly sensitive test 
kits, and have high coding accuracy, whereas others 
may use more basic imagining techniques, use lower 
sensitivity test kits, and have low coding accuracy. 
Figure 1 shows how differences in representativeness, 
reporting patterns, and quality of care across sites can 
lead to distortions. Finally, data quality may change 
over time depending on adaptations of their purpose 
or staff changes.82 This is particularly problematic 
when such changes are associated with a studied 
treatment or prognostic factors. The implementation 
of a quality assurance programme to improve surgical 
outcomes may, for instance, be accompanied by the 
requirement of collecting additional items and higher 
standardisation of data collection, potentially leading 
to bias when the effectiveness of the programme is 
evaluated.83

When the aim is explanation, measurement error 
and missing data in the exposure of interest and 
confounding variables may bias effect estimates, 
reduce statistical power, and distort functional 
forms.84 Unsystematic measurement error in the 
outcome, on the other hand, will generally not lead 
to bias but only to a loss of statistical power.84  85 
In prediction, measurement error and informative 
missing data in predictor variables are of less concern 
if these aspects do not change when future predictions 
are made. In such a situation, a prediction model 
will simply incorporate the (possibly suboptimal) 
measured information relevant to predict future 
values, irrespective of how these measurements relate 
to what they purport to measure. However, if the aim 

is to generalise to other settings, measurement error 
and missingness arising from different measurement 
procedures will be more problematic.86 87

Tackling data quality
Studies using routinely collected data can be considered 
“high quality” only when sufficient steps to assess data 
quality, characterise potential data errors, identify 
reasons for missingness, and harmonise data across 
sites are undertaken.88  89 In this sense, working with 
people who are familiar with how a certain dataset was 
collected and extracted is crucial, and the assessment 
of data quality is often context dependent. If the data 
are regularly used for research, standardised protocols 
for data collection and analysis enhance consistency 
and reduce variability across different sites. Training 
staff on data collection, ensuring adherence to 
predefined procedures, and code sharing minimise 
errors and improve overall quality of data. Validation 
studies, in which high quality data are prospectively 
collected simultaneously with routinely collected 
data, can provide information on patterns of missing 
data and on the characteristics and the magnitude of 
measurement error, which can then be adjusted for in 
statistical analyses.90  91 As measurement error in the 
treatment of interest and in confounders is typically 
considered to be more problematic than that in the 
outcome,84 85 conducting randomised controlled trials 
on routinely collected data,92-94 in which treatments 
are randomly assigned and confounding is minimised 
through design, also represents a useful option to 
mitigate problems with data quality.

For explanation, the analyses should always be 
done using data that is of high quality. When the aim is 
prediction, on the other hand, improving data quality 
in the training data may be counterproductive when 
this leads to lower consistency of data quality between 
training and deployment. In this sense, extensive data 
cleaning is problematic when building prediction 
models if the same data cleaning will not be done once 
the prediction model is used.

Concerning missing data, it is typically important 
to consider mechanisms that may have led to missing 
values, assess and transparently report the proportion 
of missing data and predictors of missingness,95  96 
and account for missing data by using appropriate 
techniques. This last point will depend on whether 
the research aim is description, explanation, or 

Box 1: (Continued)

Multiplicity of possible analysis strategies
•	The analytical variability in the analysis of RCD is illustrated in cases in which different teams of researchers studying the same research question 

on the same dataset use different sets of covariates and operationalisations of covariates, different outcome measures, and different exclusion 
and inclusion criteria and publish contradictory and unreplicable results,59 60 sometimes even in the same year and the same journal.61 Using 
dabigatran versus warfarin initiation in patients with atrial fibrillation as an example, Wang and colleagues found that published estimates of the 
hazard ratio for major bleeding with dabigatran compared with warfarin ranged from 0.56 to 1.58.62 They found that a third of variation in results 
was related to the use of alternative study design and analysis parameters, in particular differences in outcome algorithms and criteria used to 
define follow-up
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prediction.97 Doing sensitivity analyses is typically 
recommended to evaluate how findings depend on 
assumptions about measurement errors, misclassi
fication, and missingness.

Time point alignment
When data are collected for research purposes, a 
natural alignment of eligibility, treatment assignment, 
and follow-up time points is usually present, because 
a natural “time zero,” representing patient enrolment, 
often exists. Similarly, when building or evaluating 
prediction models on such data, a natural time point 
usually exists at which the prediction can be made, 
and which information is available at this time point 
is obvious. In routinely collected data, the first entry 
for a patient often has no clear clinical meaning (for 
example, beginning of the insurance) and previous 
diagnoses and treatments are often unknown. Patients 
often receive multiple interventions, and treatment 
status can best be described through a treatment 
sequence rather than a single treatment (fig 2). Data 
collection is influenced by daily clinical practice 
routines, leading to timings of different interventions 
and measurements being missing or misreported.82 
During a busy period, for instance, nurses may find 
time to record clinical events or changes in medication 
only at the end of their shift.

When the research aim is explanation, failure to 
align eligibility, treatment assignment, and start of 
follow-up gives rise to different biases, including 
problems that arise from the inclusion of prevalent 
users,67 98 immortal time periods,99 and selection bias 
due to post-treatment eligibility criteria.100 The last 
occurs whenever patients are excluded if they received 
multiple treatments or when they are included in the 
treatment group only if they fill a specified number of 
consecutive prescriptions.100 101

Lack of time point alignment is a very common source 
of error when the aim is prediction.102 Considered “one 
of the top ten data mining mistakes,”103 time point 
misalignment leads to so-called data leakage, resulting 
in prediction models with impressive predictive 
performance and nearly no clinical value. In many 
situations, routinely collected data lack sufficient 
temporal resolution to make predictions actionable.104 
Even if temporal resolution is high, which time point 
to use is not always clear. For laboratory tests, for 
instance, the time point of test performance or the time 
point once results became available may be relevant. 
For explanation and description aims, the time point 
of test performance is relevant because it reflects the 
state of the patient at that time. For prediction, the time 
point at which results become available is relevant 
because it reflects knowledge on the state of the patient 

ID A B C MCS Mortality

1 0 1 0 0 1

2 1 1 0 1 0

3 1 0 0 0 1

4 0 1 0 0 1

5 0 0 0 1 1

6 1 0 0 1 0

7 1 0 0 1 1

8 0 0 1 0 1

9 0 1 0 0 0

10 0 0 1 1 0

11 0 0 0 1 1

12 0 0 1 1 1

13 0 0 1 0 0

14 0 0 0 1 1

15 0 1 0 1 1

Hospital
admission

Hours aer hospital admission

Treatment A

Treatment B

Treatment C

MCS

Fig 2 | Fictive example to illustrate problems that may commonly arise in time point alignment in routinely collected data. Hospital admission 
would be a natural time point at which patients are included, but treatment B is sometimes initiated before hospital admission whereas treatment 
initiation may be delayed for other patients. In this situation, an alignment of eligibility, treatment assignment, and start of follow-up is very difficult 
or even impossible to achieve. If the research question focuses on a comparison of the effectiveness of the three treatments in patients receiving 
mechanical circulatory support (MCS), this choice will lead to selection bias and severely bias treatment effects, because some patients receive it 
as bridge to recovery whereas it can be seen as a rescue therapy after the other treatments have failed in others. Most importantly, these problems 
are impossible to detect when the information on whether a treatment was received is reported as a binary variable (as seen in the right table) rather 
than as an event that has an associated start and stop date
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and it is the time point when the measurement can first 
be used to make a prediction.

Tackling eligibility and time point alignment
Biases arising from inappropriate handling of 
different time points are sometimes regarded as self-
inflicted,67 as ensuring correct time point alignment 
is in principle possible. However, sensible alignment 
of time points in explanation and prediction is often 
challenging and requires substantial knowledge of 
the clinical background and data collection context. 
To improve transparency, an essential first step is to 
report and visualise the time points when inclusion 
and exclusion criteria are met, follow-up starts, and 
different key clinical variables are measured.19  105 In 
prediction, the time when predictions are made should 
be indicated, along with the information available at 
this point. Marking all relevant variables on a timeline 
that is synchronised between patients by using a 
common index time (for example, disease onset or 
first hospital admission) makes problems with time 
point alignment more obvious. This allows improved 
communication between clinicians and analysts, who 
may not be aware of the exact timings of interventions 
and measurements.

If the aim is explanation, target trial emulation can 
be a helpful way to uncover and mitigate difficulties in 
time point alignment,67 and several methods exist to 
correct for time point misalignment, including cloning, 
censoring and weighting,106 and new user designs.107 
However, appreciating that target trial emulation does 
not overcome confounding by indication is important, 
and if the exact timing of different interventions is not 
recorded or is recorded incorrectly, aligning eligibility, 
treatment assignment, and start of follow-up may be 
impossible. As a consequence, from a conceptual point 
of view, the easiest solution to deal with this problem is 
arguably again through randomisation in a randomised 
controlled trial using routinely collected data.

Interventions and diagnostic tests are not random 
or pre-specified
When data are collected for research purposes, 
measurements and interventions are usually 
pre-specified and standardised to align with the 
research question. This typically involves obtaining 
measurements of all relevant outcomes (including 
adverse events) and of all other clinical variables that 
are relevant to the research question at regular and pre-
specified time points. As routinely collected data are 
usually collected for a completely different purpose, 
interventions, diagnostic tests, and many other events 
are typically neither random nor pre-specified but are 
mainly steered by clinical decision making.

In the absence of randomised treatment assignment, 
ruling out residual confounding, or more precisely 
confounding by indication, in routinely collected 
data is nearly impossible. Confounding by indication 
arises whenever a treatment decision is influenced by 
factors that are unrecorded or imperfectly recorded, 
such as quality of care, resources at the study site, 

disease severity, socioeconomic status, and frailty. 
As a consequence, statistical techniques to overcome 
confounding often prove insufficient to eliminate 
this bias.8 53 108 Even under the somewhat unrealistic 
assumption that adjustment for confounding is 
possible in observational studies using routinely 
collected data, estimating a clear treatment policy 
effect will often be very difficult, because no 
information on intended interventions exists, only 
information on actual interventions. In line with this, 
Hemkens and colleagues found that treatment effects 
estimated in observational studies using routinely 
collected data were substantially higher than those in 
subsequent randomised controlled trials for the same 
research questions.109 At the same time, estimating 
the treatment effect for patients who actually take the 
treatment may also be impossible, because adherence 
rates in routine practice are in general lower than 
in randomised controlled trials and adherence is 
typically not closely monitored.110 Differences in 
treatment adherence might to some extent explain why 
estimated treatment effects have been found to be 20% 
less favourable in trials using routinely collected data 
than with traditional trials.111

In prediction, confounding is not generally 
considered to be a problem,112 because the aim is 
not to make causal statements but merely to make 
accurate predictions. However, being aware that 
clinical variables that may influence treatment 
decisions, health outcomes, and other clinical actions 
are often unmeasured is important. For instance, the 
probability of myocardial infarction is much higher 
for a patient with chest pain if a test for troponin has 
been ordered.113 Similarly, patients who receive very 
frequent visits from family members in the intensive 
care unit may have a higher probability of dying in 
hospital.30 Although these two variables may show 
a strong association with the respective outcomes, 
neither of them produces clinically useful predictions. 
Once physicians and patients start following the 
prediction model rather than the clinical knowledge 
that is not recorded in the data, these models will 
fail. In the two examples, a troponin test may not be 
ordered because the model predicts that the probability 
of myocardial infarction is low in the absence of a 
test order for troponin, and the family might not visit 
because the model predicts that the probability of the 
patient dying is low in the absence of frequent family 
visits.

This problem is relevant not only for predictors but 
also for the outcome of interest if it is not rigorously 
defined and measured. If the health outcome to 
be predicted is a diagnosis or clinical procedure, 
the outcome itself is in part the result of a clinical 
decision. Diagnoses as outcomes may be based on a 
test result that is known only when a certain test has 
been done. In this situation, one is faced with so-
called partial verification bias,114 whereby the disease 
status is unknown in patients with no test performed. 
Importantly, a large body of evidence shows that 
sociodemographic factors influence diagnoses 
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and clinical decisions.115-117 In this situation, 
flexible prediction models will learn to reproduce 
differential actions that replicate and exacerbate 
these biases,10  23  73 which include underdiagnosis 
bias for historically underserved populations.118 
Partial verification bias is also very relevant when the 
aim is explanation. For instance, known side effects 
of a treatment may be monitored more closely and 
ascertained with more detail for patients receiving 
this treatment. This differential reporting can thereby 
artificially inflate differences in the prevalence of these 
side effects for different treatments.

Tackling interventions and diagnostic tests not 
being random or pre-specified
When the aim is explanation, the most promising 
option to tackle confounding by indication is 
randomisation in randomised controlled trials 
using routinely collected data. However, conducting 
randomised controlled trials using routinely collected 
data remains challenging, as diagnostic tests are 
not pre-specified and, as a consequence, random 
treatment assignments do not resolve verification 
bias and outcome misclassification. Without 
randomisation, a range of techniques can be used to 
tackle confounding, ranging from standardisation, 
regression modelling, and various matching and 
weighting approaches to doubly robust estimation 
and machine learning methods.119  120 Goetghebeur 
and colleagues provide a comprehensive introduction 
to formulating causal questions for observational 
studies and provide an overview of estimation 
approaches.119 These approaches all have advantages 
and disadvantages and are suitable only for specific 
situations. Even for the most sophisticated statistical 
or machine learning techniques, the validity of results 
often depends on the assumption that all confounding 
variables have been measured perfectly, which is 
unlikely with routinely collected data. To assess 
sensitivity to unmeasured confounding, VanderWeele 
and Ding proposed E values,121 which have recently 
gained in popularity in the analysis of observational 
studies.122 However, they are criticised for not 
providing additional information and for making 
strong and often implausible assumptions that may 
result in misleading conclusions.123  124 Quantitative 
bias analysis, instrumental variable approaches, 
falsification endpoints, and active comparator, new 
user designs can to some extent evaluate and adjust 
for bias arising from unmeasured confounding in 
observational studies using routinely collected 
data.107  125-130 However, these approaches also have 
limitations with quantitative bias analysis requiring 
criteria to judge when the bias is too high. Also, 
in practice, suitable instruments for instrumental 
variable approaches are often lacking. Finally, 
falsification endpoints can show that an estimated 
effect is not valid. Contrarily, finding no effect for 
a falsification endpoint does not provide any proof 
that an estimated effect on routinely collected data is 
unbiased.

Multiplicity of possible analysis strategies
Recent work has increased awareness about multiple 
possible strategies in the analysis of empirical 
data.131  132 Pressure to publish noteworthy results 
(that are clinically plausible) may result in selective 
reporting among the results arising from the 
multiplicity of possible analysis strategies, leading 
to overestimated treatment effects or overoptimistic 
measures of predictive performance that would not be 
replicated in subsequent studies.

Analytical variability in routinely collected data will 
be much greater than in the analysis of data that have 
been collected for research purposes, owing to a lack of 
knowledge of how the data were generated and control 
over how they were collected.133 Researchers typically 
have great flexibility in the choice of their research 
hypotheses, and they have to choose among many 
imperfectly measured proxies of clinically relevant 
variables. Which patients to include in the analysis 
and how to treat missing values and outliers are often 
unclear. Even in the absence of incentives to produce 
significant results, researchers will have to select one 
among many possible analytical pathways.62

Tackling the multiplicity of possible analysis 
strategies
Prediction models that are chosen in a data driven 
way require suitable analysis strategies to avoid 
overfitting.134 To obtain valid and reliable statistical 
inference, refraining from data driven variable 
selection is equally important when the aim is 
explanation.135 136 In their review on comparative non-
randomised studies assessing the effectiveness and/
or safety of drug treatments, Yaacoub and colleagues 
found that most studies did not justify variables that 
had been included in the model (62%; 115/186) or 
used data driven variable selection (26%; 52/200).51 A 
more suitable strategy for explanatory research using 
routinely collected data is to use clinical knowledge. 
This includes knowledge on mechanistic causal 
relations and evidence from the literature to construct 
and register a directed acyclic graph.70 Ideally, this 
should be specified by independent experts masked 
to variables measured in the routinely collected data. 
A second step should evaluate whether all relevant 
confounders identified by the directed acyclic graph are 
available in the routinely collected data. Specifying all 
measured and unmeasured confounders and potential 
colliders and mediators is important to define an 
appropriate set of adjustment variables and to assess 
the extent of unmeasured and residual confounding, 
because some of the relevant confounders, including 
the frailty of the patient, socioeconomic status, and 
disease severity, will be measured imprecisely or not 
at all.

Naudet and colleagues argue that if studies on 
routinely collected data are to be considered as a source 
of information in regulatory or public policy decisions, 
the same basic quality standards as for interventional 
studies are needed.133 Preregistering and publishing 
study design and analysis plans helps to avoid 

8� doi: 10.1136/bmj-2025-087812 | BMJ 2026;393:e087812 | the bmj

P
ro

tected
 b

y co
p

yrig
h

t, in
clu

d
in

g
 fo

r u
ses related

 to
 text an

d
 d

ata m
in

in
g

, A
I train

in
g

, an
d

 sim
ilar tech

n
o

lo
g

ies. 
.

b
y g

u
est

 
o

n
 25 Ju

n
e 2026

 
h

ttp
s://w

w
w

.b
m

j.co
m

/
D

o
w

n
lo

ad
ed

 fro
m

 
2 Ju

n
e 2026. 

10.1136/b
m

j-2025-087812 o
n

 
B

M
J: first p

u
b

lish
ed

 as 

https://www.bmj.com/


RESEARCH METHODS AND REPORTINGRESEARCH METHODS AND REPORTING

selective reporting and ensures transparency.137 
Given the many analytical choices, registration for 
studies using routinely collected data is both more 
important and more challenging than for studies in 
which data are collected for research purposes. Which 
aspects of the dataset were known before specifying 
the analysis should be clear, and deviations, which 
are to be expected, should be transparently reported 
in a dedicated supplement. Authors may often find 
that registering all analysis steps is not feasible owing 
to large uncertainties in the analysis of routinely 
collected data. In this situation, helpful strategies may 
be to specifically register contingency plans to tackle 
problems in the analysis, to do a pilot study in which 
the feasibility and the methodology of the research 
project are assessed,138 or to do a blind analysis in 
which analysis choices are made without information 
on the outcome.139

Good statistical practice and randomisation will 
often reduce analytical variability in the analysis of 
routinely collected data to some extent. Moreover, 
transparently reporting the results from multiple, 
often equally defensible, analysis choices in multiverse 
analysis or vibration of effects analyses can provide 
evidence on the robustness of results and help to 
identify the most important choices that lead to 
variability in results.140-144 To understand and estimate 
the variability of results under more naturalistic 
conditions, so-called multi-analyst studies,145  146 in 
which different teams of researchers answer the same 
research question by using the same dataset, are a 
promising option. Finally, advanced statistical models 

can be used to account for the sources of uncertainty 
that lead to the multiplicity of analysis strategies.147

Given the complexities of studies using routinely 
collected data, precise and transparent reporting is 
both more important and more challenging than for 
studies that prospectively collect data for research 
purposes. In light of the many options for data pre-
processing, studies using routinely collected data 
should include a detailed report of all initial data 
analysis steps as an appendix to improve transparency 
and reproducibility.88  148 Compared with other steps 
that can be taken to improve the quality of retrospective 
studies, reporting is a point that is relatively easy. 
Reporting should be tailored to the research aim and 
specific study setting,149-151 and various reporting 
guidelines can be found on the website of the 
EQUATOR network (https://www.equator-network.
org/), including for observational and interventional 
studies using routinely collected data (for example, 
RECORD-PE).19 20 152

Finally, in light of growing concerns associated 
with so-called paper mills and high impact cases 
of research fraud, including the surgisphere and 
the Eliezer Masliah scandals,153-156 following FAIR 
principles with detailed meta-data seems crucial if 
individual participant data cannot be shared owing to 
privacy protection, as does sharing analysis code if this 
is possible. Figure 3 provides an overall roadmap with 
concrete steps for doing analyses that produce more 
reliable estimates with details on how to diagnose 
problems for each of the discussed challenges and 
how to counter them with concrete steps in the design 

Representativeness

Diagnosis Design Analysis Checklist for readers Red flags

Time point
alignment

Data quality

Interventions
not random

Multiplicity of
analysis strategies

No patient flow
chart available

✘

Post-treatment
eligibility criteria

✘

Adjustment for
post-baseline
variables

✘

No justification for
chosen model or
data driven model
selection

✘

No reliable
information on
origins of data

✘

Patients with
missing values are
excluded without
further justification

✘

Comparison
of sample

characteristics with
target population

and across centres

Authors show
robustness of
results when using
different selection
algorithms

Transparent
reporting of timing
of all measurements
and of treatment
trajectories

Comprehensive
reporting of data
pre-processing steps
and missingness
patterns

Directed acyclic graph
including unmeasured and
mismeasured confounders,
and colliders available

Authors show robustness of
results to alternative analysis
strategies

Use of validated
definitions for

sample
selection, time

points,
exposures,

confounders,
outcomes and

or validation
using

prospectively
collected and/or

external data

Comparison of results
when two analysts

independently analyse
data including

pre-processing steps

Quantitative bias
analysis and
falsification

techniques (negative
controls or outcomes)

Accounting for
sources of

uncertainty leading
to multiplicity of

analysis strategies

Pre-registration of
detailed protocol

including
statistical

analysis plan

Interviews with
physicians who are

responsible for
treatment decision

Combined
analysis of RCD

with prospective
data from RCTs

Target trial
emulation

Matching and
weighting techniques

Cloning, censoring
and weighting

Discussion with
people familiar

with data collection
Correction for
measurement

error and
missing valuesExtensive data

quality checks

Ra
nd

om
is

at
io

n

Metadata and code available

Pre-registered analyses

Standardisation
and training

Fig 3 | Strategies to diagnose problems arising in the analysis of routinely collected data (RCD), with concrete steps across design and analysis that 
authors can take to improve the reliability of studies, alongside a checklist for critical appraisal by readers and a list of red flags. RCT=randomised 
controlled trial
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and analysis of routinely collected data when the aim 
is explanation. It also provides a checklist and a list of 
red flags for readers. Supplementary table B provides 
an overview of minimal requirements and acceptable 
and ideal approaches to tackle challenges that arise in 
the analysis of routinely collected data when the aim 
is explanation.

Can AI overcome the challenges in routinely 
collected data?
AI is a somewhat amorphous umbrella term that 
encompasses tasks such as learning, reasoning, 
problem solving, and perception, enabling machines 
to automatically derive insights from data, to make 
informed decisions, and to solve complex problems. 
A very important subfield of AI is machine learning, 
which focuses on constructing (often predictive) 
models on the basis of available data without the 
need for explicit programming. Machine learning 
has historically focused on constructing low error, 
potentially black box, models. Meanwhile, statistics 
was more concerned with valid inference and accurate 
representation of uncertainty. However, despite 
separate development of these fields, no conceptual 
difference exists between machine learning and 
statistics regarding the principles of fitting such 
models.

Used properly, AI algorithms have the potential 
to mitigate key challenges in routinely collected 
data. Digitisation may reduce health disparities 
and improve the representativeness of routinely 
collected data by reducing costs and providing 
broader access to care.24 Data quality could be 
improved with AI assistance in data collection, 
extraction,157 cleaning,158 and validation.21 When it 
comes to explanation, causal machine learning offers 
robustness to model misspecification, requiring fewer 
modelling decisions and flexibly capturing non-linear 
associations and interactions in the estimation of 
treatment effects without the need to pre-specify these 
associations.159  160 As AI algorithms are powerful in 
detecting patterns in large amounts of heterogeneous 
data, they offer unprecedented opportunities when 
trained on large datasets of high quality.

However, many models are built on large, 
heterogeneous, multisite data, involving no previous 
filtering of predictor variables and no or only minimal 
pre-processing or communication between model 
developers and clinicians. Many of these features can 
make such algorithms highly vulnerable to biases that 
commonly arise in the analysis of routinely collected 
data. As these algorithms are designed to detect complex 
associations, the risk that they make “shortcuts,”161 in 
which they use spurious features and idiosyncrasies 
in a routinely collected dataset that may often arise 
through problems in study design, rather than using 
clinically meaningful differences in pathology, is high. 
As illustrated in figure 1, associations may simply arise 
because specialised hospitals with higher disease 
prevalence do a different set of routine tests or may 
use more advanced imaging techniques. Moreover, 

without filtering predictors on the basis of clinical 
expertise, avoiding time point misalignment is difficult 
and the risk that clinician initiated actions will be 
included in prediction models is increased, leading to 
overoptimistic predictive performance and models that 
are “looking over clinicians’ shoulders,”113 rather than 
providing predictions with clinical utility.

Owing to their flexibility in the modelling 
of interactions and non-linear associations, 
flexible AI algorithms are more likely to pick up 
differential treatments and diagnoses on the basis 
of sociodemographic factors and to perpetuate 
disparities.10 58 118 Although a logistic regression model 
may also be prone to such biases, it usually requires 
explicit formulation of a prediction model to include 
an interaction term between some measure of disease 
severity and race, sex, or sociodemographic status. 
Inclusion of such a term by researchers should give 
them pause to consider what this means from a clinical 
perspective. These problems may arise even when some 
measure of race, for instance, is not explicitly recorded, 
because, in contrast to clinicians, flexible algorithms 
have been shown to be capable of inferring race from 
other measures, such as medical imaging.58 162 Similar 
problems may arise when a flexible algorithm is used 
to estimate individual treatment effects on claims 
data, for instance. Given that treatment adherence 
is often lower in younger patients and in those with 
low socioeconomic status,45  46 the algorithm may 
incorrectly deem a treatment to be non-effective in 
these groups of patients, simply because the treatment 
is not taken as prescribed. Similarly, a treatment may 
seem to be safe in certain groups of patients because 
side effects are underdiagnosed. Findings on apparent 
treatment inefficiency or safety may then in turn 
wrongly discourage practitioners from prescribing or, 
on the contrary, wrongly encourage them to prescribe 
the treatment for these groups of patients in the future.

Finally, owing to the black box nature of many AI 
algorithms, many of the problems arising from short 
cuts, time point misalignment, clinician initiated 
data, and differential diagnoses may go largely 
unnoticed. Although the field of explainable and 
interpretable AI has made considerable progress, it 
is still less established and scientifically validated 
when it comes to making general prediction models 
easily interpretable in practice. This makes rigorous 
internal and external validation even more important 
for flexible AI algorithms.163 Systematic investigation 
of these matters will prove complicated when models 
are trained across distributed datasets in federated 
learning and AI algorithms are proprietary.10  164 
Without rigorous internal and external validation, 
and in the absence of clinical and methodological 
expertise, AI as a tool may do more harm than good 
when analysing routinely collected data.

Conclusion
Ensuring quality and rigour in the analysis of routinely 
collected data is essential to generate trustworthy 
insights that improve patient care. Clinical knowledge, 

10� doi: 10.1136/bmj-2025-087812 | BMJ 2026;393:e087812 | the bmj

P
ro

tected
 b

y co
p

yrig
h

t, in
clu

d
in

g
 fo

r u
ses related

 to
 text an

d
 d

ata m
in

in
g

, A
I train

in
g

, an
d

 sim
ilar tech

n
o

lo
g

ies. 
.

b
y g

u
est

 
o

n
 25 Ju

n
e 2026

 
h

ttp
s://w

w
w

.b
m

j.co
m

/
D

o
w

n
lo

ad
ed

 fro
m

 
2 Ju

n
e 2026. 

10.1136/b
m

j-2025-087812 o
n

 
B

M
J: first p

u
b

lish
ed

 as 

https://www.bmj.com/


RESEARCH METHODS AND REPORTINGRESEARCH METHODS AND REPORTING

methodological expertise, and information about data 
collection and generation, as well as critical thinking, 
are indispensable in the analysis and interpretation of 
routinely collected data. Consequently, generating high 
quality evidence from routinely collected data requires 
wide interdisciplinary collaboration, involving expertise 
in clinical research, epidemiology, computer science, 
statistics, and machine learning. Moreover, studies 
using routinely collected data should not be done 
carelessly or in a rush. Lack of data integrity may mean 
that prospectively collecting research data or randomly 
assigning treatments in a randomised controlled trial 
using routinely collected data if possible, or even not 
studying a particular question, would be better. Simply 
doing the best we can using routinely collected data is 
not good enough. No evidence for a research question 
may be preferable to evidence from a low quality 
routinely collected data study, as results may otherwise 
be misleading and overinterpreted. When challenges 
and limitations are carefully tackled, studies on 
routinely collected data can provide a valuable source 
of information and may complement, and sometimes 
pave the way for, studies with active data collection.
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