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What are IPD meta-
analyses

2



Reviews, MA, IPD-MA

Figure : Relationship between Reviews, Systematic Reviews, Meta-analyses and Individual Patient Data Meta-analyses



Conventional 
Meta 
Analysis
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Collect summary 
measures from 
investigators/papers

“Aggregate data” 

• Odds ratios, risk ratios, risks, etc.
• From the existing report!



Individual 
Participant 
Data Meta 
Analysis 
(IPD-MA)
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“Gold standard”

Collect line by line data for each 
subject from investigators

Individual participant data: 
“IPD”



6Study Cutoff Sens Spec N
N 

Depress
Mean 
Age %Male Setting

1 10 85 86 266 57 67.1 48 Inpatient
2 8 88 88 1053 204 22.6 52 Outpatient
3 9 78 89 … … … … Outpatient
4 11 74 85 … … … … …
5 10 82 87 … … .. … …

…..

Study PatientID PHQ Score Depressed? Age Sex …
1 1 10 Y 19 M
1 2 6 N 37 F
1 3 4 N 26 F
1 4 15 N 42 F
1 5 8 Y 58 M
…
2
2
2

Aggregate Data:

Individual Participant Data:



Increasing role of IPD meta analyses

Fig 1 Number of distinct, applied meta-analyses of individual participant data published up to 
March 2009,* as identified by a systematic review of Medline, Embase, and the Cochrane Library. 

*Six articles published in 2009 were identified up to 5 March, when the review was conducted. 

Riley R D et al. BMJ 2010;340:bmj.c221

©2010 by British Medical Journal Publishing Group
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Fig 1 Number of distinct, applied meta-analyses of individual participant data published up to March 2009,* as identified by a systematic review of Medline, Embase, and the Cochrane Library. *Six articles published in 2009 were identified up to 5 March, when the review was conducted. 
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Fig 1 Number of distinct, applied meta-analyses of individual participant data published up to March 2009,* as identified by a systematic review of Medline, Embase, and the Cochrane Library. *Six articles published in 2009 were identified up to 5 March, when the review was conducted
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Flow of an IPD 
Meta-Analysis

8



9
Unique titles/abstracts 

identified and screened for 
potential eligibility

Titles/abstracts excluded:
• No original data or case report 
• Not related to depression
• Non-eligible patient sample
• Did not include depression screening tool 

and diagnostic interview for major 
depressive disorder

Articles selected for full-text 
review for eligibility

Articles excluded:
• No original data
• Non-eligible patient sample
• Did not include depression screening tool 

and diagnostic interview for major 
depressive disorder

Studies meeting eligibility 
criteria

Additional studies identified 

Pool of eligible studies
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Author contact/agreement

Data transfer

Pool of eligible studies

Data transformation

IPD ready for Meta-
Analysis And many other studies 

using final database

Articles excluded:
(Decline participation)
(Can’t find author)
(Data no longer exists)
…..

STEPS PA
RTIC

ULA
R TO

 A
N

 IPD
M

A



IPDMA - Disadvantages

 Time consuming! 
 Expensive – very labour intensive!

 More prone than aggregate data MA to excluding studies?
 You need to get people to agree to participate…
 But methods exist to combine IPD with Aggregate Data

 Diplomacy needed!
 Now you are managing a big group of people who may participate in 

article writing, etc.



IPDMA Advantages - overview

 May reduce heterogeneity
 Better for investigating heterogeneity including subgroup differences
 Very flexible with respect to the type of analyses that can be run
 Builds large collaborative groups



IPDMA can decrease heterogeneity

 Can standardize: 
 inclusion/exclusion criteria 
 exposure & outcome 

definition
 investigate the same 

subgroups
 the analytic method 

 the model, confounders, 
missing data, etc.

 Heterogeneity:  
treatment effects that 
vary across studies
 Different study populations
 Different study procedures



IPDMA advantages: Subgroup analyses

 Meta-analyses often attempt to explain how patient-level 
covariates (e.g. age, sex, drug dosage) might modify the 
treatment effect 
 (i.e. to estimate treatment-covariate interactions).
 Does the effect of interest differ across subgroups (e.g. older subjects, 

men, etc.)?

14



Subgroup analyses in Traditional MA

 Meta-regression 
 Study specific estimates are regressed on the covariate(s) of interest

 Covariates of interest: study level covariates or aggregated participant level information

 But… prone to ecological bias, and to confounding from other variables (that are not included in the 
model)

 Low power! Since most MA include a small number of studies and …

 Estimating subgroup specific effects 
  e.g. the effect in HIV+ subjects
 Relies on those effects having been reported by the original studies
 Often available in few studies

15



Subgroup effects in IPD-MA

 Not prone to ecological bias
 because one does not make inferences about individuals based on 

aggregated data 
 Higher power!

 than meta-regression to detect the effect of an interaction between 
covariates and treatment

 power to detect interactions depends on:
variation of the covariate within each study in an IPD-MA
variation in mean covariate values across studies in AD-MA

16



Example
 MDR-TB results

 21 studies included

 Compared surgical + 
drug vs. drug only



Adjusting for 
confounders?
 How often was an 

unadjusted OR used?

 Note: confounding by 
indication is a major 
concern here!

 IPD-MA would allow 
better control of 
confounding



Subgroup 
analysis for 
studies 
reporting 
treatment 
outcomes



Collaborative 
Group for Meta-
Analysis of 
Individual Patient 
Data in Multi-
Drug Resistant 
Tuberculosis (IPD-
MDRTB) (V1)

 individual patient data on treatment 
outcomes in MDR-TB patients
 founded by Dick Menzies
 32 observational studies 

 (about half those approached)
 over 9000 individual patients
 demographic information (age, sex, 

country, etc.), medical information 
(HIV status, previous history of TB, 
etc.), treatment and treatment 
outcomes





Primary study results related to treatment effects 
of various drugs for treating MDR-TB



Results

 Treatment success, compared to failure/relapse, was associated with use 
of: 
 later generation quinolones, (adjusted odds ratio [aOR]: 2.5 [95% CI 1.1–6.0]) 

 ofloxacin (aOR: 2.5 [1.6–3.9]) 

 ethionamide or prothionamide (aOR: 1.7 [1.3–2.3])

 use >4 likely effective drugs in the initial intensive phase (aOR: 2.3 [1.3–3.9])

 use >3 likely effective drugs in the continuation phase (aOR: 2.7 [1.7–4.1])



Study: Surgery as treatment for MDR-TB

 Drug treatment of MDR-TB is complex, toxic and associated with 
poor outcomes

 Surgical lung resection may be used as an adjunct to medical 
therapy

 Results (adjusted for important confounders!):
 Partial lung resection was associated with improved treatment success 

(OR=3.0, 95%CI: 1.5-5.9) 

 but pneumonectomy was not (OR=1.1, 95%CI: 0.3-2.3)

Fox et al. Clin Infect Dis. (2016) 
doi: 10.1093/cid/ciw002
 



Statistical Analysis of IPDMA

 Any approach needs to take into account the clustering of 
participants by study
 Participants in the same study are more alike than participants in different 

studies
 Similar study procedures

 Similar patient population

 Similarly to AD-MA: common effects or random
 Two-step or one-step



Notation

 I studies, i=1, … I
 ni=number of subjects in study i
 𝜃𝜃𝑖𝑖= the TRUE effect measure from study i
 �𝜃𝜃𝑖𝑖 = the estimated effect from study i
 �𝑆𝑆i = the estimated standard error of �𝜃𝜃𝑖𝑖 



Common vs. Random

 Common (fixed) effects model: 
 assumes that the estimated effect is the same across all studies (𝜃𝜃𝑖𝑖= 𝜃𝜃)

 there is little or no heterogeneity

 Differences across studies due to chance

 Random effects model: 
 assume that  𝜃𝜃𝑖𝑖 may not all be equal – HETEROGENEITY

 assumes that the estimated effect varies across the studies

  due to differences in patient population, study procedures, study quality, etc. 



Random effects

 How do we operationalize this?

 Why can’t we just estimate the 𝜃𝜃𝑖𝑖?
 Would we have a summary estimate?

 Problems with the number of parameters?

 Proposal: 𝜃𝜃𝑖𝑖= 𝜃𝜃 + 𝑢𝑢𝑖𝑖 where 𝑢𝑢𝑖𝑖 has some distribution

 EG: 𝑢𝑢𝑖𝑖~N(0, 𝝉𝝉𝟐𝟐)

ui is the random effect

ui belongs to 
the study

ui describes how the 
study specific effect 

is above or below 
the pooled effect



Interpretation 

 What does the point estimate mean?
 Fixed effect: it means the common effect for all studies

 Random effect: it means the AVERAGE effect – not necessarily the effect in any 
one study

 Random effect: the effect in the next study is a sample from the normal 
distribution



Estimating the pooled effect from a IPD MA 

 Two step analysis
 Estimate the effect of interest in each study separately 
 Then, use standard meta-analytic techniques to pool the study specific 

measures
 Still benefits from all the advantages related to consistency

 One step analysis
 use one statistical model, while accounting for the clustering among 

participants  in the same study, to estimate an overall effect
 fixed and random effects analyses are possible

 Usually: a mixed model 



What else? 
Heterogeneity

An important output of any 
MA or IPD-MA

How much does the effect 
vary across studies?

Why does the effect vary 
across studies?



Heterogeneity metrics

 τ2: 
 variance of the random effect

 Varies from 0 to infinity

 Interpretability?

 I2: 
 % heterogeneity

 Varies from 0-1

 Interpretability?

 Prediction interval: 
 95% range of true effects to be expected in similar studies



Why do an IPD 
meta-analysis?

39



When a 
traditional 
MA is not 
sufficient to 
answer your 
research 
question 
because…

40

Want to do a more fine-tuned analysis

• Additional exclusion criteria
• Subgroups of interest

Suspect bias

• E.g., published reports only showing one part of the story

Want to go beyond the original research 
question/analysis
• Have alternative/advanced analyses that you would like to 

apply to answer the same research question
• Have a different research question you could answer using 

same data

To explore/reduce heterogeneity



IPD-MA Examples

 Collaborative Group for the Meta-Analysis of Individual Patient Data in 
MDR-TB
 Observational cohort studies

 Zika Virus Individual Participant Data Consortium
 Various study designs

 DEPRESSD: an international collaboration to collect depression screening 
data
 Diagnostic accuracy studies
 Each study provides gold standard diagnosis of depression, a screening score, 

and other participant level information



*Evaluate the 
diagnostic accuracy 
of the most commonly 
used depression 
screening tools

*Diagnostic accuracy 
studies: 
Compare screening 
questionnaires to a 
reference standard

*Sensitivity (P[T+|D+])
*Specificity  (P[T-|D-]) 

42

Patient Health Questionnaire (PHQ) 
105 studies, 46277 participants

Hospital Anxiety and Depression Scale (HADS) 
102 studies, 31679 participants

Edinburgh Postnatal Depression Scale (EPDS)
59 studies, 15593 participants

Geriatric Depression Scale (GDS): 21 studies, 
5876 participants

The DEPRESSD 
Project



Why DEPRESSD?

 Many diagnostic accuracy studies include subjects 
already diagnosed or being treated for depression
 Standardize inclusion criteria

 Heterogenous reference standards combined in AD-
MA

 Lack of subgroup analyses
 Selective cutoff reporting

Only well-performing cutoffs!

43



44Ordinal screening tests & selective 
cutoff reporting

Some authors only report 
cutoffs with high accuracy 

estimates

Screening score

Negative screen
(Likely not depressed)

Positive screen
(Likely depressed)

Many cutoff thresholds 
can be assessed in terms 
of diagnostic accuracy

Cutoff 
threshold

0 1 2 3 4 5 6 7 8 9 1
0

1
1

1
2

1
3 14 1

5
1
6

1
7

1
8

1
9

2
0

2
1

2
2

2
3

2
4

2
5

2
6

2
7



Example: 
conventional meta analysis

18 studies

Each study reported 
sensitivity and specificity 
for one or more cutoffs

45



Results from traditional MA

 Sensitivity increases 
between cutoff 8 to 
cutoff 11

 For standard cutoff of 
10, missing 897 
cases (13%)

 For cutoffs of 7-9 and 
11, missing 52-58% 
of data

Manea et al., CMAJ, 2012

4
6 46
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What is published? 48

Levis et al, AJE 2017



We 
compared…

49

•takes available data from every study and 
pools them at each cutoff

•the number of studies and which studies 
vary by cutoff

Usual aggregate data MA:

VS

•takes data for all cutoffs
•Every study gives information for every

cutoff
•Solves the problem of selective cutoff 

reporting

IPD-MA:



What is published? 50

Levis et al, AJE 2017



Other results & current 
preoccupations….



Diagnostic accuracy 
of PHQ



Making these results useable…

 http://www.depressionscreening100.com/phq/

http://www.depressionscreening100.com/phq/
http://www.depressionscreening100.com/phq/


Can we use screening tools to estimate prevalence of depression?

Comparison of PHQ9≥10 prevalence and SCID major depression 
prevalence

 % participants with PHQ9≥10:
 ranged from 5.3% to 64.8% (in 44 studies)

 pooled prevalence: 24.6% (95% CI: 20.8%, 28.9%; τ2: 0.505)

 % participants with SCID major depression:
 ranged from 0.6% to 56.4% 

 pooled prevalence: 12.1% (95% CI: 9.6%, 15.2%; τ2 : 0.703)

 Δ prevalence (PHQ9≥10-SCID):
 ranged from 6.0% to 46.9%

 pooled difference: 11.9% (95% CI: 9.3%, 14.6%; τ2 : 0.007)



How else could we have done this?

 Prevalence matching
 Pooled Δ prevalence (PHQ9≥14-SCID): 0.5% (95% CI: -1.7, 2.6, τ2 :0.005)

 But… high heterogeneity!

 95% prediction interval: -13.6%, 14.5%

  ranged from -18.7% to 29.7% (in 44 studies)



Estimating depression prevalence 
from screening questionnaires

 PHQ-9 ≥ 10 is often used to estimate depression prevalence

 BUT it overestimates major depression prevalence substantially!

 too much heterogeneity to correct statistically in individual studies

 Estimates of depression prevalence should be based on validated 
diagnostic interviews



Small studies, data driven cutoff 
selection…

 Primary studies on depression screening tool accuracy are small
 Recent review of 172 studies found median sample size=194 with median number of 

depression cases=20

 Most use a data driven approach to identify the optimal cutoff

 76% identified an optimal score that differed from the standard score

 In our IPDMA database on the PHQ:
 Median sample size (IQR): 194 (134-386)

 Median number of depression cases (IQR): 28 (14-60)

 Median optimal cutoff: 10 (range: 3-18)

57



Resampling study

Objectives:
 To demonstrate variability of data-driven optimal cutoffs.
 To estimate bias of accuracy parameters from data-driven optimal cutoffs.
 To evaluate how bootstrap validation could reduce bias of data-driven optimal cutoffs.

 We considered the IPDMA data a hypothetical population (100 studies, 44503 participants, 4541 cases of 
depression)

 We drew samples with replacement of size 100, 200, 500 and 1000
 In each sample, we found the cutoff that maximized the sum of sensitivity & specificity (Youden’s J)
 We ignored clustering, sampling weights and different reference standards
 Repeated 10000 times

58



59Frequency of Optimal Cutoff by Sample Size
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Bias

 We compared sensitivity and specificity at the sample-specific optimal 
cutoff to sensitivity and specificity in the entire IPDMA at that cutoff

 Overall bias in accuracy estimates from data-driven optimal 
cutoffs in 10,000 resampled datasets of size 100, 200, 500 and 
1,000

60

Sensitivity Specificity
N = 100 N = 200 N = 500 N = 1000 N = 100 N = 200 N = 500 N = 1000

Bias 7.3% 4.1% 1.8% 1.0% 0.9% 0.6% 0.3% 0.2%



Can we use bootstrap validation to correct 
for this?

 When building a prediction model:
 the best way to evaluate it is to use the prediction model on a new data set – to 

validate it. 

 Bootstrap validation:
 offers an approach to  estimate the overfit engendered by estimating and 

evaluating the prediction model on the same data.

 And to correct estimates.

 Can we use this approach to get less biased accuracy estimates from 
data driven optimal cutoffs?

61



How does the bootstrap validation 
work?

 Start with a dataset – find the optimal cutoff ci and sensD,ci, specD,ci

 Take a bootstrap sample
 Find the optimal cutoff (bi)
 Estimate sensitivity and specificity in the bootstrap sample at bi: sensB,bi, 

specB,bi

 Estimate sensitivity and specificity in the dataset at bi: sensD,bi  specD,bi

 Estimate optimism as: 
 optimismsens = sensB,bi - sensD,bi
 optimismspec = specB,bi - specD,bi
…Repeat…

 senscorrected = sensD,ci – mean (optimismsens)
 speccorrected = specD,ci – mean (optimismspec)

62
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Sensitivity Specificity
N = 100 N = 200 N = 500 N = 1000 N = 100 N = 200 N = 500 N = 1000

Bias 7.3% 4.1% 1.8% 1.0% 0.9% 0.6% 0.3% 0.2%

Residual bias after 
correction for 
optimism

1.9% 0.9% 0.1% 0.1% 0.2% 0.2% 0.1% 0.0%

Correction for optimism 5.5% 3.3% 0.9% 0.9% 0.6% 0.5% 0.3% 0.2%



Conclusions

 Beware small samples!

 Often, primary studies conclude that alternate cutoffs are necessary in 
their “special” population

 Probably, more likely due to small samples.

 Boostrap validation can help reduce bias in diagnostic accuracy 
estimates in small samples.
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Other cool things we have done:

 Diagnostic accuracy for other versions of the PHQ (PHQ2, algorithm-based, 
etc.)

 Equivalence of PHQ8 and PHQ9

 Minimal clinically important differences

 Differences in reference standards

 Modeling approaches vs IPDMA to avoid bias from selective cutoff 
reporting



What next?

 Head-to-head comparisons of some screening questionnaires

 Anxiety!
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