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Fundamental role of linkage error in epidemiology

* Epidemiologists increasingly use linked administrative data
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Fundamental role of linkage error in epidemiology

* Epidemiologists increasingly use linked administrative data

Probabilistic record linkage (e.g. Fellegi-Sunter) tolerates linkage error

Extent of linkage error in data is rarely reported in epidemiological analyses
* Impact of linkage error on bias and variance of estimates rarely estimated



Fundamental role of linkage error in epidemiology

Epidemiologists increasingly use linked administrative data

Probabilistic record linkage (e.g. Fellegi-Sunter) tolerates linkage error
Extent of linkage error in data is rarely reported in epidemiological analyses
Impact of linkage error on bias and variance of estimates rarely reported
No textbook methods for estimating bias/variance due to linkage error

This is an under-studied, first-order problem: in complete population
analyses, there is ZERO sampling error; but there is still linkage error.



Linkage error is a distinct source of uncertainty

: 5 o° -
Sampling Error:  — N(ﬁ,x) Central Limit Theorem
* The basis for statistical inference in large samples; e.g. 95% Cl's
Linkage Error: £ —?(?,?)  Unknown Asymptotic Distribution

* What is the bias and the variance of § due to linkage error?



Linkage as a network problem

Data entry errors can lead to different representations of individuals

oo gy Fu

Assess similarity of record These comparisons form a Task of record linkage:
pairs based on identifying network structure identify clusters belonging
characteristics to underlying individuals



Linkage as a network problem

Data entry errors can lead to different representations of individuals

oo gy Fu

Assess similarity of record These comparisons form a Task of record linkage:
pairs based on identifying network structure identify clusters belonging

characteristics to underlying individuals

Impact of linkage error depends on network structure of the linkage problem



Type 1 Linkage Error: Overmatching

Overmatching (2-PPV): Falsely link records that belong to different individuals

Truth: 3 individuals with 4, 2, 3 records
Observed: 2 individuals with 6, 3 records

Implications of overmatching:
* Individuals have additional false data points
* Individuals that should have existed are now missing



Type 2 Linkage Error: Undermatching

Undermatching (2-SEN): Failing to link records belonging to an individual

Truth: 2 individuals with 5, 4 records
O Observed: 4 individuals with 3, 2, 3, 1 records

o0

Implications of undermatching:
* Individuals have missing data points
* We create additional false individuals



How does linkage error affect bias and variance
of point estimates?

Methods
* Simulation using network structure of a “real-world” linkage dataset

* Assess implications for bias and variance of point estimates for:

Different levels of linkage error (Sen/PPV combinations)
Different sample sizes (N)

Different analyses (cross-sectional, longitudinal, regression, prediction)



Dataset: South African NHLS National HIV Cohort

 Alllaboratory records of all patients seeking care in public sector facilities

* Individuals may have multiple lab records; lots of typographical errors
* Linkage algorithm created a unique patient ID with 94% SEN, 99% PPV
* This analysis used completely de-identified data on network structure

* We simulated datasets with different SEN / PPV combinations by
randomly introducing linkage errors

BM) Open Cohort profile: the South African
National Health Laboratory Service NATIONALHEALTH
(NHLS) National HIV Cohort LABORATORY SERVICE
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Results

How do linkage errors affect the bias of
point estimates?




} Cross-sectional count

N of patients entering HIV care between 2012-2016

SEN
100 99 95 90 85 80
14,590 | 15,439 | 16,487 | 17,514 | 18,485
1001 14,393 | 11 .4%) | (+7.3%) | (+14.5%) | (+21.7%) | (+28.4%)
oo | 14:206 | 14,401 | 15,238 | 16,311
(-1.3%) | (+0.1%) | (+5.9%) | (+13.3%)
o5 | 13,353 | 13,557 | 14,429 | 15,525
E (7.2%) | (-5.8%) | (+0.3%) | (+7.9%)
V| oo | 12025 | 12,212 | 13,109 | 14,290
(-16.5%) | (-15.2%) | (-8.9%) | (-0.7%)
o5 | 10,418 14,014
(-27.6%) (-2.6%)
oo | 8534 13,556
(-40.7%) (-5.8%)

Note:
Green indicates overestimation
Red indicates underestimation
Darker shade indicates bigger
deviation from the true outcome

Lower SEN
(undermatching)
overestimates
outcome

Lower PPV
(overmatching)
underestimates
outcome

When PPV = SEN,
bias due to linkage
error is small




Note:
Green indicates overestimation

LO ngitu d i na I p ro po rtio n E Red indicates underestimation

Darker shade indicates bigger
deviation from the true outcome

24-month retention (%) among patients entering care

SEN  LowerSEN
1 95 90 85 80 -
00 i (undermatching)
38.3 36.7 35.1 33.7 32.7 .
10013871 1.006) | (-5.2%) | (:9.3%) | (12.9%) | (-15.5%) underestimates
oy | 389 38.5 36.9 35.2 outcome
(+0.5%) | (-0.5%) | (-4.6%) | (-9.0%) e Lower PPV
o 40.0 39.5 37.8 35.9 (overmatching)
P (+3.4%) | (+2.3%) | (-2.3%) | (-7.1%) :
p overestimates
V| g | 423 41.7 39.6 37.3
(+9.3%) | (+7.9%) | (+2.5%) | (-3.6%) outcome
| s P « When PPV ~ SEN,
(+18.6%) (-3.6%) bias due to linkage
g0 | 923 7/ error is small
(+35.1%) (-2.1%)




Regression coefficient

Note:
Green indicates overestimation
Red indicates underestimation
Darker shade indicates bigger
deviation from the true outcome

Risk ratio (RR) of high vs. low income on 24-month retention

SEN
100 99 95 90 85 80
3.67 3.48 3.27 3.10 2.95
100 3.72 (-1.3%) | (-6.5%) | (-12.1%) | (-16.7%) | (-20.7%)
o9 | 367 3.62 3.45 3.25
(-1.3%) | (-2.7%) | (-7.3%) | (-12.6%)
o | 345 3.40 3.24 3.06
E (-7.3%) | (-8.6%) | (-12.9%) | (-17.7%)
V| gp | 31 3.06 2.91 2.77
(-16.4%) | (-17.7%) | (-21.8%) | (-25.5%)
gs | 271 2.35
(-27.2%) (-36.8%)
aq | 2:24 1.98
(-39.8%) (-46.8%)

Income is a
simulated
exposure

Regression
estimate
strongly
attenuated
towards null

Even when
PPV =~ SEN




Note:
Green indicates overestimation

P rEd iCti O n m Od e I E Red indicates underestimation

Darker shade indicates bigger
deviation from the true outcome

AUC of predicted 24-month retention (based on age, income)

SEN
100 | 99 95 90 85 80 * Linkage errors
100 | 0.763 | 0.759 | 0.745 | 0.730 | 0.718 | 0.708 ower prediction
99 | 0.762 | 0.758 | 0.744 | 0.729 nerformance
E 95 | 0.757 | 0.753 | 0.738 | 0.723 e Lower PPV does
v | 90 | 0747 | 0.742 | 0.727 | 0.711 1ot offset lower
85 | 0.735 0.685 SEN
80 | 0.716 0.655




Results

How does linkage error affect the
variance of point estimates?




How does variance change with PPV/SEN?

Estimand: % retained in care in 24 months (%)

Standard deviation of estimate due to linkage error
(80 simulated datasets)

SEN
100 99 95 90 85 80
100 0 0.05 0.15 0.15 0.12 0.03
99 0.04 0.07 0.11 0.15

Pl 95 | 008 | 015 | 0.15 | 0.21
5 90 | 0.18 | 0.18 | 0.28 | 0.13
85 | 0.22 0.13
80 | 0.37 0.27

Variance due to linkage error increases as SEN and PPV decrease



} How does variance change with sample size?

Estimand: % retained in care in 24 months (90% PPV)

Standard deviation of
estimate due to: * Conventional SEs are 25% too small
SZ?\,T:O 21302'52;’ L':rtife Sa::f:rng  Variance due to linkage error

1/8* N 0.53 1.30 declines approximately « 1/+/N
1/4*N 0.38 0.91 * Ratio of linkage error to sampling
1727N 0.24 0.64 error may vary by analysis and data.

N 0.18 0.45
2% N 0.13 0.32
4%N 0.09 0.23
8 * N 0.06 0.16
o /NN 19.7\/N 49.3/\/N




} Conclusion

Linkage error can lead to substantial bias in point estimates

* Bias depends on linkage PPV and SEN; however, studies don’t always report
* When PPV = SEN, bias is minimal for cross-sectional and longitudinal point

estimates; for regression and prediction, linkage error is like misclassification
* Further research could develop approaches to adjust for linkage error

Linkage error leads to added variance in point estimates

* Conventional standard errors are perhaps 25% too small
* However, variance due both sampling and linkage error is low when N is large



Linkage error has important and
predictable impacts on bias and variance.

These impacts can be estimated, should be
transparently reported, and adjusted for in

analyses.




} Thank you

This is work in progress. Your feedback will make it better!
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