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Inconsistent data across study sites

Site A Site B Site C Site D Site E
(N=136,893)  (N=72,227) (N=164,687) (N=52,219) (N=43,362)
Exposure (%) 3,091 (2.3) 1,568 (2.2) 4,590 (2.9) 1,588 (3.1) 1,028 (2.5)
Confounder (%) 46,667 (34.1) 22,462 (31.1) 48,411 (29.4) NA NA

Outcome (%) 13,577 (9.9) 4,244 (5.9) 13,143 (8.0) 4,317 (8.3) 3,819 (8.8)




Framework for cross-site imputation
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Identify study site(s) with observed data

Consider a multi-site study with five contributing sites and a binary variable z;
that is 100% missing at site E
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Fit a prediction model at study site(s) with observed data on the

systematically missing variable

Let 6; be the probability that z; = 1, given a set of
predictors c;:
Hi\ci = P(ZZ = 1‘Ci) (1)

At site C, we specify a logistic regression model:

i (125 ) = iten) (2

where 4,(c;) is the estimated linear predictor that we
can send across sites




Impute the systematically missing variable

We denote zgm) as the m-th imputation of a missing value in z;. At site E:

Import 4;(c;) and the related covariance structure

The predicted conditional probability 6; can be
expressed as:
A eﬁi(ci)

T lrede ®)

Draw a random value U; from a continuous uniform

distribution U(0, 1)

Assign zgm) =1ifU; < éz and 0 otherwise



Maternal antidepressants and offspring neurodevelopmental disorders

m We want to study the effect of maternal antidepressant use in pregnancy on
offspring risk of neurodevelopmental disorders (NDD) (ASD, ADHD, or ID)

m We need to control for a potential confounder: Parental history of
psychiatric diagnosis

m Hospital 4 and 5 never recorded data on parental psychiatric history and
individual data cannot be shared data between sites

Hospital 1 Hospital 2 Hospital 3 Hospital 4 Hospital 5
(N=136,893) (N=72,227) (N=164,687) (N=52,219) (N=43,362)

Exposure (%) 3,091 (2.3) 1,568 (2.2) 1,590 (2.9) 1,588 (3.1) 1,028 (2.5)
Confounder (%) 46,667 (34.1) 22,462 (31.1) 48,411 (29.4) NA NA
Outcome (%) 13,577 (9.9) 4,244 (5.9) 13,143 (8.0) 4,317 (8.3) 3,819 (8.8)




Maternal antidepressants and offspring NDD

Full data estimate '—’—'

Unadjusted pooled estimate —@—

Adjusted for available data estimate —@—

Adjusted complete case analysis

Single study imputation adjusted pooled estimate —@—
Multiple study imputation adjusted pooled estimate —@—
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1 1.2 1.4 1.6 1.8
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Cross-site imputation has two central assumptions

Site similarity: To what extent does the equality of causal structures
between study sites impact the performance of cross-site imputation?

Predictor availability: How does variation in the availability and
strength of predictors across sites affect the accuracy and bias of imputed
values at sites with missing data?



Final Notes

m Multiple imputation for systematically
missing values fails when individual-level
data cannot be pooled

>
had neve(come to me.
p

m Cross-site imputation recovers missing
variables without pooling data

m The method has been implemented in Stata
software and will be further improved and
developed

FAll we 'haxe to decide is what'to do~
{With the S5e thatlis given to us.
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Multivariate missing data

Univariate Multivariate Multivariate with
incomplete auxiliaries
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When does a complete case analysis fail?

Full data estimate

Study OR (95% CI) ~ Weight (%)
Study 1 = 1.03[0.76, 1.39]  19.25
Study 2 1.24[0.97, 1.57] 2047
Study 3 L] 1.10[0.84, 1.44]  19.88
Study 4 B 211[1.75, 2.53] 2147
Study 5 | 227[1.65, 311]  18.93
Overall — 1.47 [ 1.06, 2.03]

Heterogeneity: t = 0.12, I> = 87.63%, H? = 8.08
Test of 0, = 6; Q(4) =32.78, p=0.00
Test of 6 =0:z=2.32, p=0.02
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When does a complete case analysis fail?

Study OR (95% CI)  Weight (%)
Study 1 o 1.03[0.76, 1.39]  26.35
Study 2 HE 124[097, 1.57]  41.11
Study 3 — 1.10[ 0.84, 1.44]  32.54
Overall ‘ 1.14[0.97, 1.33]
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Cross-site imputation to the rescue!

Study OR (95% CI)  Weight (%)
Study 1 ] 1.03[0.76, 1.39]  19.46
Study 2 1.24[0.97, 1.57]  20.74
Study 3 | 1.10[0.84, 1.44]  20.11
Study 4 B 196[1.55, 2.49]  20.78
Study 5 B 238[1.72, 329] 1891
Overall 1.45[ 1.06, 2.00]
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