LONDON B2

Linking administrative data for
research

Katie Harron, Sir HenryWellcome Postdoctoral Fellow
Department of Health Services Research and Policy, LSHTM
February 2017

wellcometrust

Fellow

Improving health worldwide www.Ishtm.ac.uk




A statistical definition

Gl YSNAEAY3I GKIFG O0NRY:
from with the
object of consolidating facts concerning an

ndividual or an event that are not available In
Fyeé &aSLI NS NBC

Organisation for Economic @peration and Development (OECD)
Glossary of Statistical Terms



Record linkage for health data

Eachperson in the world creates a Book of Life.

This Book starts with birth and ends with death.

Its pages are made up of the records of the
events in life.

principal

Record linkage Is the name given to the process of
assembling the pages of thok,into a volume

Dunn, 1946
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Opportunities and challenges
linking administrative data

Opportunities

+ populationlevel resource

+ (potentially)lower risk of selection biasgeneralisabilty
+allows evaluation of rare events / hard to reach subgroups
+ detailed longitudinal trajectories

+ cost effective; exploits existing data

+ answer novel research questions




Answering novel research questions

Deep vein thrombosis and air travel: record linkage study
C W Kelman, M A Kortt, N G Becker, Z Li, ] D Mathews, C S Guest, C D | Holman

Abstract

Objective To investigate the time relations between

pulmonary embolism after long flights has brought the
issue to public attention.

The incidence af venone throambosmbolisn ronees

Commonmwealth
Department of
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nd Gonclusions The annual risk of venous
s thromboembolism is increased by 12% if one long
.« haul flight is taken yearly.
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Rl v e
increased fnr onl\ two weeks aflﬂ a Iong haul flight;
46 Australian citizens and 200 non-Australian citizens
had an episode of venous thromboembolism during
this so called hazard period. The relative risk during
this period for Australian citizens was 4.17 (95%
confidence interval, 2.94 1o 5.40), with 76% of cases

(n=35) attributable to the preceding flight. A “healthy

traveller” effect was observed, particularly for
Australian citizens.

Conclusions The annual risk of venous
thromboembolism is increased by 12% if one long
haul flight is taken yearly. The average risk of death
from flight related venous thromboembolism is small
compared with that from motor vehicle crashes and
injuries at work. The individual risk of death from
flight related venous thromboembolism for people
with certain pre-existing medical conditions is,
however, likely to be greater than the average risk of 1
per 2 million for passengers arriving from a flight.
Airlines and health authorities should continue to
advise passengers on how to minimise risk.

T0-3070 of patents with venous thromboembolism.”

International air ravel has increased to around
1.56 billion person trips each year.® At any one time an
estimated 4000 Australians are on international flights,
and more than 30 000 make short domestic flights
each day.

Since 1970, Australia has kept electronic data on
arrivals and departures of international wavellers. The
state of Western Australia uses record linkage under
well developed protocols to protect patient privacy.”
Most Western Australian residents live in Perth, and
flight times from there to other major airports are
long. We investigated the relation between inter-
national air ravel and venous thromboembolism by
linking Western Australian hospital data with records
on air ravel.

Participants and methods

Data included coded personal identifiers, age, sex,
arrival and departure dates, and nationality of the orav-
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Answering novel research questions

Figure 3.3 Raw differences in conception behaviour by the end of Year 11, by Key
Stage 2 English scores: estimated odds ratios relative to attaining Level 4
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Opportunities and challenges linking
administrative data

b

Challenges
- uncertainty about data quality

- lack of unique identifiers for linkage
- data securityconsiderations




Data custodiarl
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Clinical data
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Linking hospital records for mothers
and babies

Opportunities

- novel research questions, involving rare outcomes
A induction of labour and perinatal mortality / neonatal morbidity
A maternal mortality following neonatal abstinence syndrome

Challenges

- uncertaintyabout data quality
A can we use linkage to better understand / improve data quality?

- lack of unique identifiers for linkage
A how can we handle bias due to linkage error?




Hospital Episode Statistics

Episode dates

Diagnoses (ICD10)
Postcode district, Operations (OPCS)

Ethnicity, GP
practice, Provider

Baby Main record

Postcode district,
Ethnicity, GP
practice, Provid

Episode dates
Diagnoses (ICD10)
Operations (OPCS)

Herbert et al Data Resource Profile: Hospital Episode Statistics Admitted Patient Care (HEBt ABgiflemiolin press (2017).



Hospital Episode Statistics

Episode dates

o Diagnoses (ICD10) Delivery information
Postcode district, Operations (OPCS) Birth weight

Ethnicity, GP
practice, Provider

Gestation

Mother (delivery record) — Baby tail

Baby (birth record) Main record — Baby tall

Postcode district,
Ethnicity, GP
practice, Provid

Delivery information
Birth weight
Gestation

Episode dates
Diagnoses (ICD10)
Operations (OPCS)

Herbert et al Data Resource Profile: Hospital Episode Statistics Admitted Patient Care (HEBt ABgiflemiolin press (2017).



Linkage methods

A Deterministic

I Rule-based approach, often looking for exact agreement
on a number of identifiers

A Probabilistic

I Uses the conditional probability that identifiers on different
records will agree

A Given records belong to the same person

A Given records belong to different people
(~ agreement by chance)

Administrative Data Research Network: Introduction to Data Linkage.:H&tgen.ac.uk/media/1372/guidedata-linkagekatie-harronraug
2016.pdf



Probabilistic linkage

pair 1 pair 2 pair 3
Low match Highmatch
weight weight
Baby File Mother File

Liza Minnell

Judy Garland




agreement

on NHS
number
agreement
on sex
<€ >
Low match Highmatch
weigh weight

P¢ =1 | M) =m-probability

the probability of agreement given the
records from same subject

P¢=1|U) =u-probability =

the probability of agreement given the
records from different subjects

Log ratio = w=  log, (m/u)
log, [(1-m)/(1-u)]

if identifiers agree
if identifiersdisagree

Match weight = WI' wH




Vrue matches
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Non-matches

Low match
weight

Highmatch
weight

agree on some
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agreement on
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(same date Missing data| errors

of birth)
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Linkage

Baby records 2012
N = 673,055

/ Deterministic \

linkage:
GP practice
Maternal age
Birth weight
Gestation
Birth order

\ Sex of baby /

280,939 linked baby records (42%)

Harronet al.Linkingdata for mothers and babies in déentified electronic health datlPLoSne. 2016;11(10):e0164667.



Linkage

391,705 remaining unlinked baby records

Probabilistic linkage

380,164 linked Clinical variables \

Firstantenatal assessment date

d delivery date
antenatal assessment
i place (actual)

Birth weight
Gestation
~h_qrder

Nlace Linta
Combining deterministic and Z
probabilistic:
cea “ked baby -mother records
Partial Identifiers 8% of babies)
Postcode district
pisode start date
Episode end date

Ethnicity
Harronet al.Linkingdata for mothers and babies in déentified electronic health datlPLoSne. 2016;11(10):e0164667.

Gestatio




Probabilistic match weights

GP practice
Postcode district
Estimated dellvery date A

First antenatal assessment W 1 B
Episode end 10
Birth weight U

Fpisode start

T GO " M O/ @ >

Dellvery place (Intention) T

Status of person conducting delivery
Maternal age S

Ethnic group
Gestation at first antenatal visit R
Gestational age

Anaesthetic during delivery

Method of delivery
Method to induce labour
Anaesthetic post-delivery
Sex 0 J
Delivery place N K
Resuscitation method M L

= SR VO 2 T T REES

—
-

Birth status
Number of babies
Birth order

<

Agreement o Disagreement

z




Understanding data quality

Gestation complete in 84%
A Preterm birth rate = 6.3%

Mother (delivery record) Baby tail

With linkage of information from baby record:

Completeness of gestation increases: from 84%A 92%

Preterm birth rate increases: from 6.3% A 6.7%




Understanding data quality

ICD10: Z371 single still birth
Z373 twins, one live on still
Z374 twins, both stillborn

Z377 other multiple, stillborn
0364 nmaternalcare for intrauterine death

Birth status: (live or still)

Mother (delivery record) Baby tail




Understanding data quality

ICD10: Z371 single still birth
Z373 twins, one live on still
Z374 twins, both stillborn
Z377 other multiple, stillborn
0364 naternalcare for intrauterine death

Birth status: (live or still)

Mother (delivery record) Baby tail

ICD

Live Still

: Live 99.34% 0.17% 668,141
Birth status )
Still 0.12% 0.38% 3295

667,797 3639 675,734




Understanding data quality

With linkage of information from baby record:

/800/1558 stillbirth conflicts resolved by triangulating
records

Information held on mother/baby

A Checking ICD10 codes, birth status, length of stay

@ 0.1% of records unresolved

~

: Live 99.34%
Birth status )
Still 0.12%

ICD
Live Still
0.17/% 668,141
0.38% 3295
667,797 3639 675,734




Lack of reliable unique identiflers A
Linkage error

Match status

Match Non-match

(same mothetbaby pair) | (different motherbaby pair)

Link |dentified match False match
Link

status
Non-link Missed match |dentifled normatch




The linkage problem

A Small amounts of linkage error can result in substanti
biased results

A Falsematches

A Introduce variability and weaken the association
between variableg bias to the null

A Missed matches

A reduce our sample size and result in a loss of
power ¢ potential selectiorbias
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Schmidlirk et al 2013) Impact of unlinked deaths and coding changes on mortality trends in the Swiss National
Cohort. BMC Med Infori@ecisMak 13 (1):1



Highly Highly
sensitive specific —
NERVE P
Table 3. Hazard Ratios for the Association Between Ethnicity and Mortality Using

Three Linkage Criteria, 1989-2002

Relaxed NCHS cut-points Tightened

Ethnicity and nativity

FB Hispanic |24 .78

US NH White ref ref ref

*p <. 10.% p < .05.%%p < .00

Lariscy. Differential Record Linkage by Hispanic Ethnicity and Age in Linked Msttahi®simplications for the
Epidemiologic Paraddq®2011, J Aging Health 2011)



Matched pairs ISC residuals MDC residuals

Maternal factors n=250186 n=2596 n=3798
Mean age (years) 29.6 28.9 30.0
Married 78.7 734 NA
Australian-born mother 72.6 779 75.7
Birth in private hospital 22.0 27.1 28.9
Caesarean delivery 23.1 20.7 28.9
Diabetes 44 3.2 4.8
Hypertension 7.1 7.9 8.3
Stillbirth® 0.5 4.6 32

Baby factors =253 538 n=1570 n=23157
Birthweight (g)

<1000 0.4 0.8 44
1000-1999 1.7 39 7.9
2000-2999 18.5 22.5 27.8
3000-3999 66.9 59.9 48.8
4000-4999 12.4 12.1 10.5
25000 0.2 0.3 0.3
Plurality
Singletons 96.7 95.4 95.5
Twins 3.2 4.6 472
Death in hospital 0.2 0.9 2.8
Preterm birth” 6.5 9.7 26.3
Transfer to another hospital 53 11.9 10.4

Ford JB, Roberts CL, Taylor LK (2006) Characteristics of unmatched maternal and baby records in linked birth records and
hospital discharge data.  Paediatr Perinat Ep 20 (4):329-337




Variation - errors In identifiers in HES

|dentifier error in Date of Birth or Sex EDOB ESEX
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Harron, K.HaggerJohnson, G., Gilbert, R. & Goldstein, H. Utilising identifier error variation in linkage of large
administrative data sourceBMC Med Relglethodol17, 23, doi:10.1186/s1287@17-0306-8 (2017).



Variation
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- errors In identifiers in HES

99.8% limit
95% limit
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N HES-PDS matched pairs

Harron, K.HaggerJohnson, G., Gilbert, R. & Goldstein, H. Utilising identifier error variation in linkage of large
administrative data sourceBMC Med Relglethodol17, 23, doi:10.1186/s1287@17-0306-8 (2017).



Differential (non -random) linkage o why?

Data quality differs by patient group / SES etc.

Bohensky et al 2010. Data Linkage: A powerful research tool with potential
problems. BMC Health Services Research

- Unknown/estimated dates of birth
- Unconscious, frail, dementia,
- Unconventional surnames
- Misleading information
- Drug user, parent withholding details

- Address issues

- Communal establishments
- Visitor / tourist / traveller

- Multiple births

- Same sex, postcode, date of birth



Evaluating linkage

1) Comparisons of linked and
unlinked data

Matched pairs ISC residuals MDC residuals
7=250186 n=259 n=3798
296 289 300
78.7 73.4 NA
2.6 9
pray
piay iy .
14 32 48
7.1 7.9 53
0.5 6
Y TaCTOrS IEcxEs 0
Birthweight (g)
<1000 04 08 44
1000-1999 17 39 79
2000-2999 185 25 278
3000-3999 66.9 59.9 4838
4000-4999 124 121 105
25000 02 03 03
Plurality
%.7 95.4 955
32 16 42
02 09 2
65 957 263
LX) 10 x

i) Sensitivity analysis using
different probabillistic
thresholds

Table 3. Hazard Ratios for the Association Between Ethnicity and Mortalit ' Using
Three Linkage Criteria, 1989-2002

Highly
sensitive

Relixed NCHS cut-points T ghtened

Ethnicity and nativity
FB Hispanic | .24 0.97 0,785
US NH White ref ref ref

) Goldstandard / reference
data to quantify linkage

errors
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Evaluating mother -baby linkage

Birth weight Maternal age
50% 35%
40% = 30%
0
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20% 15%
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Evaluating mother -baby linkage
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Evaluating mother -baby linkage

Gold -standard: Sensitivity analysis:
15 maternity units, Different linkage criteria

2012/13 (N=72,824)

Original algorithm Conservative prob algorithm
A 632 (0.9%) false matches A 212 (0.3%) false matches
A 297 (0.4%) missed matches A 7,797 (10.7%) missed matches

Deterministic only algorithm
A 22 (0.1%) false matches
A 37,515 (51.6%) missed matches




Evaluating mother -baby linkage

ldentifying impact on results: rate of preterm birth

8

7.6
7.2
6.8
6.4

6

Gold-standard Probabilistic Conservative Deterministic

% of births <37 weeks of gestation



Evaluating mother -baby linkage

ldentifying impact on results: association between maternal risk
factors and infant survival to discharge

1)
—

[ [ [ [
Gold-standard Probabilistic Conservative Deterministic



Alternative linkage methods

Attribute -specific match weights
- Exploiting what we know about variation in identifier errors
- E.g. when errors in identifiers differ between ethnic groups

Missing White Mixed Asian Black Other
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6

4

% readmitted

2
0

MW Truth W Traditional



Alternative linkage methods

Attribute -specific match weights
- Exploiting what we know about variation in identifier errors
- E.g. when errors in identifiers differ between ethnic groups

12
10
- 8
Qo
£ 6
@
o
< 4
2
0
Missing White Mixed Asian Black Other
B Truth @ Traditional O Attribute-specific

Harron, K.HaggerJohnson, G., Gilbert, R. & Goldstein, H. Utilising identifier error variation in linkage of large administrative data source:
BMC Med Rellethodol17, 23, doi:10.1186/s1287817-0306-8 (2017).



Alternative linkage methods

Calculation of match weights/scores without the need for
training data

I Class of correspondence analysis

I Set constraints, e.g.
A full agreement = 100,
A no agreement =0

I Given a set number of identifiers and levels of agreement
between those identifiers, aim is to derive scores that
minimise the total discrepancy within each pair of records

I 0 ™ A
Probabilisticweights 32 27 26 15

Goldstein, H., Harron, K. & CortinaBorja, M. A scaling approach to record linkage. Stat Medaccepted (2017).




Accounting for linkage error

Risk Traditional

Maternal record factor probabilistic
Exact match Yes Yes
Exact match Yes Yes
Exact match No No

Match weight=10 Yes \|

Match weight=8 No

Match weight=5 No \
Match weight=4 Yes

Match weight=4 Yes
Match weight=3 Yes

Goldstein et alStat Med2012;31(28):34813493
Harron et alBMC Med Res Metho#014;14(1):36



Imputation for missed links

Risk Multiple imputation
Maternal record
factor
Exact match Yes Yes
Exact match Yes Yes
Exact match No No
Match weight=10 Yes \|
Match weight=8 No ves
NO

Goldstein et alStat Med2012;31(28):34813493
Harron et alBMC Med Res Metho#014;14(1):36




Imputation for linkage uncertainty

Goldstein et alStat Med2012;31(28):34813493
Harron et alBMC Med Res Metho#014;14(1):36

Risk Prior-informed
Maternal record imputation
factor P
Exact match Yes Yes
Exact match Yes Yes
Exact match No No
Match weight=10 Yes \|
Match weight=8 No ves
Match weight=5 No
Match weight=4 Yes Yes
Match weight=4 Yes
Match weight=3 YeS




Summary

A Linkage can help to address data quality issues
I Improve ascertainment of key risk  -factors and outcomes
I Triangulate outcomes and resolve inconsistencies
I Highlights limitations in the data

A Understanding bias due to linkage error is important

I Several approaches available for evaluating potential impact on
results

I Requires information on linkage process and unlinked records
(difficult with trusted third party model)

A Unfulfilled opportunities
I Linkage between health and other sectors
I Linkage of trial data for long -term follow up / safety analyses
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