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Abstract

Background: Populations willing to participate in randomized trials may not correspond

well to policy-relevant target populations. Evidence of effectiveness that is complemen-

tary to randomized trials may be obtained by combining the ‘target trial’ causal inference

framework with whole-of-population linked administrative data.

Methods: We demonstrate this approach in an evaluation of the South Australian Family

Home Visiting Program, a nurse home visiting programme targeting socially disadvantaged

families. Using de-identified data from 2004–10 in the ethics-approved Better Evidence

Better Outcomes Linked Data (BEBOLD) platform, we characterized the policy-relevant

population and emulated a trial evaluating effects on child developmental vulnerability at

5 years (n¼ 4160) and academic achievement at 9 years (n¼6370). Linkage to seven

health, welfare and education data sources allowed adjustment for 29 confounders using

Targeted Maximum Likelihood Estimation (TMLE) with SuperLearner. Sensitivity analyses

assessed robustness to analytical choices.

Results: We demonstrated how the target trial framework may be used with linked

administrative data to generate evidence for an intervention as it is delivered in practice

in the community in the policy-relevant target population, and considering effects on
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outcomes years down the track. The target trial lens also aided in understanding and

limiting the increased measurement, confounding and selection bias risks arising with

such data. Substantively, we did not find robust evidence of a meaningful beneficial

intervention effect.

Conclusions: This approach could be a valuable avenue for generating high-quality,

policy-relevant evidence that is complementary to trials, particularly when the target

populations are multiply disadvantaged and less likely to participate in trials.

Key words: Causal inference, generalizability, linked data, nurse visiting programme, social disadvantage, target

trial, targeted maximum likelihood estimation, transportability

Introduction

Recent methodological work1–3 describes a framework for

evaluating intervention effects with ‘real-world’ data using

the concept of a ‘target trial’. This is defined as the hypo-

thetical randomized controlled trial (RCT) that cannot be

conducted due to resourcing, feasibility, timeliness or ethi-

cal reasons, but may potentially be emulated with relevant

observational data. A compelling example of this approach

examining effects of COVID vaccination has been recently

reported.4 By requiring specification of each component of

the target trial’s protocol, this framework aids to develop a

refined definition of the target estimand and an appropri-

ate analysis strategy that reduces the risk of bias.5

We consider this framework in the context of the South

Australian Family Home Visiting programme (FHVP), an

intensive postnatal nurse home visiting programme for so-

cially disadvantaged mothers, started in 2004–05.6 Similar

to the USA’s Nurse-Family Partnership7 and the UK’s

Family-Nurse Partnership,8 FHVP is based on the ‘Family

Partnership Model’9 and aims to enhance maternal and child

outcomes through parental support up to 2 years postnatally.

There is mixed evidence regarding the effectiveness of such

programmes from RCTs. Three US RCTs10–12 beginning in

the 1980s and 90 s found the intervention to be effective on

some maternal and child outcomes in the short (2–6 years)

and long (15 years) term, whereas a pragmatic RCT testing a

similar intervention in the UK, ‘Building Blocks’, reported

in 2016 little evidence of meaningful effects on outcomes

at 2 years.13 In Australia, the Miller Early Childhood

Sustained Home visiting (MECSH) RCT in 2011 reported

mixed evidence of programme benefits,14 and the ‘right@

home’ RCT in 2019 reported improvement at 2 years of

about 0.2 SD in six of the 10 continuous primary outcomes

and odds ratios of about 1.4–1.8 in two of the three binary

primary outcomes.15

As well as the mixed evidence provided by these RCTs,

a further consideration in assessing potential programme

implementation in a given setting is whether the results of

these studies are applicable to the particular policy-

relevant target population. This may be defined as the pop-

ulation that: (Criterion a) needs and can benefit from the

programme; and (Criterion b) would actually take up an of-

fer of participating in it.16 Critically, Ccriterion (a) is a so-

cial construct that will change with time, place, politics and

social values. US trials of early nurse visiting programmes in

the 1980s had young maternal age as an eligibility criterion,

Key Messages

• For complex interventions targeted at multiply disadvantaged populations, there may be uncertainty about the

applicability of results from randomized trials to the policy-relevant population in a given setting.

• With interventions that have been implemented in a community, combining the ‘target trial’ framework with whole-

of-population administrative linked data is a possible approach to generate high-quality, policy-relevant evidence that

complements trial evidence.

• The target trial framework is a powerful tool for planning analyses of intervention effects, especially with complex

data sources such as administrative linked data, aiding development of clear estimand definitions and understanding

and limiting bias risks.

• A key strength of whole-of-population administrative linked data is that they enable emulation of the policy-relevant

target population that may be missed in trials.

• Administrative linked data may present complexities that increase the risk of measurement, confounding and

selection bias relative to data collected for research purposes.
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presumably because this was perceived as a ‘problem’.17

Criterion (b) is important when evaluating interventions

that rely upon voluntary receipt of service, with individuals

who would take up the programme comprising the bulk of

the intended social investment.16 In considering who should

be offered supportive programmes, providers routinely con-

sider ‘readiness to engage’ as a criterion for making an offer

of service. Even where the RCT’s target population is rele-

vant to a new setting, the actual trial sample is the result of

complex selection processes and may end up not being rep-

resentative of the original target.18

So as complementary evidence to the RCTs, it is desir-

able to evaluate intervention effects among those who ac-

tually did take up similar programmes in real service

settings. Such evidence may help policy makers better un-

derstand the potential yields of their programmatic invest-

ments. We use the FHVP as case study to demonstrate how

the ‘target trial’ framework might be applied to emulate a

trial using population-wide linked administrative data,

showing that a key benefit is the possibility of emulating

the results of an RCT in the policy-relevant population.

Methods

Target trial specification

The protocol for the target trial is outlined in Table 1 (first

column).

The eligibility criteria of the target trial are a means for

defining the policy-relevant target population in the South

Australian setting. To define the population who needs

and can benefit from the programme according to that pol-

icy context [Criterion (a) mentioned in the Introduction], a

first criterion mirrors how eligibility for the FHVP is deter-

mined in South Australia, which is through a case review

by a multidisciplinary team (see Supplementary Material,

available as Supplementary data at IJE online for further

details). A second criterion is that individuals would accept

the offer if they received it, i.e. they are ‘ready to engage’

[Criterion (b)].

Participants are randomized to two parallel arms: usual

care in South Australia plus at least one FHVP nurse visit,

versus usual care only. The maximum FHVP consists of 34

nurse visits to the family home over the first 2 years of the

child’s life. The suggested visiting frequency is weekly until

the child is aged 8 weeks, fortnightly until they are

9 months old, and then monthly. The programme is di-

vided into six modules mapping to key developmental

stages, and including age-appropriate material and core ac-

tivities to be covered during the visits. Full details have

been described elsewhere6 (see also Supplementary

Material, available as Supplementary data at IJE online).

Assessment of two sets of outcomes is blinded and inde-

pendent of intervention administration, as objective meas-

ures are obtained via data linkage. Child development

outcome measures are derived from the Australian Early

Development Census (AEDC),19 a teacher-completed in-

strument administered triennially since 2009 for

Australian children in their first year of full-time school

(age around 5 years). It assesses five domains: physical

health and wellbeing; social competence; emotional matu-

rity; language and cognitive skills (school-based); commu-

nication skills and general knowledge. For each domain,

children receive a score that is characterized using cut-offs

established using the 2009 AEDC national results. In this

study, scores were dichotomized (developmentally vulnera-

ble: yes/no) using cut-offs based on the lowest 10th percen-

tile of the 2009 AEDC national results.19 Consistent with

national AEDC reporting, outcome measures are develop-

mental vulnerability on one or more domains (usually

termed ‘DV1’) and on each domain. Academic achieve-

ment outcomes are derived from the National Assessment

Program—Literacy And Numeracy (NAPLAN) in school

year 3 (age around 8–9 years).20 This test is administered

annually to all Australian students and covers four

domains: reading, writing, language conventions (spelling,

grammar and punctuation) and numeracy. Outcome meas-

ures used are domain-specific binary indicators of whether

or not the child is at or below the national minimum stan-

dard for that domain.21

The causal effect measure is the difference in expected

outcomes in the intervention arm versus the control arm in

the target population.

Target trial emulation

We next describe the emulation of the target trial using the

Better Evidence Better Outcomes Linked Data (BEBOLD)

platform, which includes state-wide, de-identified linked

administrative data on all birth cohorts from 1991 on-

wards.22 This study used data within BEBOLD on the

FHVP, which was initiated by the South Australian Child

and Family Health Service (‘CaFHS’) in 2004,6 as well as

birth registration, perinatal (including maternal data), pub-

lic housing, child protection, education, school enrolment

and child development data. The probabilistic matching

routines used by Australian data linkage systems typically

estimate a 0.1–0.5% false linkage rate.23,24 The reporting

of this study has been in accordance with the checklist in

the REporting of studies Conducted using Observational

Routinely-collected Data (RECORD) statement. See

Supplementary Material for details on investigator access

to the database population and data cleaning methods.
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Analytical samples

We created two analytical samples from BEBOLD by

restricting records to children born within specific calen-

dar periods occurring after the FHVP had been rolled

out, and which ensured sufficient follow-up to capture

either AEDC or NAPLAN. For AEDC, we restricted the

sample to children born: 1 January 2004 to 30 April

2004; 1 May 2006 to 30 April 2007; and 1 May 2009 to

30 April 2010, capturing AEDC assessments in 2009,

2012 and 2015, respectively (see Supplementary

Material for details). For NAPLAN outcomes, we re-

stricted the sample to children born between 1 January

2004 and 30 April 2007.

Table 1 (second column) summarizes how each aspect

of the target trial was emulated for each of the outcomes

using the corresponding analytical sample.

Table 1 Protocol of a target trial to estimate the effect of the FHVP on developmental and learning outcomes, and how each

aspect was emulated in BEBOLD

Target trial Emulation with BEBOLD

Eligibility criteria Individuals who are (a) deemed eligible for the

FHVP in a case review by a multidiscipli-

nary team and (b) ‘ready to engage’, i.e.

would accept the FHVP if they received an

offer

Individuals in corresponding analytical sample (AEDC

or NAPLAN) who were deemed eligible for the

FHVP in the case review process conducted in South

Australia, were offered the FHVP and received at

least 1 FHVP nurse visit, the latter being a proxy for

‘readiness to engage’ (this is the ‘target sample’)

Trial arms Intervention arm: Individuals are provided

usual care plus at least one FHVP nurse visit

Intervention arm: Individuals who were deemed FHVP-

eligible by case review, were offered the FHVP and

received at least one FHVP nurse visit (this is equal

to the target sample)

Control arm: Individuals are provided usual

care

Control arm: Individuals who were deemed FHVP-eli-

gible by case review but did not receive an offer

Assignment procedures Random assignment to either arm at recruit-

ment, unblinded to participants and pro-

gram-administering personnel (e.g. nurses)

Adjustment for 29 baseline confounders listed in

Table 2 using a targeted maximum likelihood

estimation (TMLE) method that adjusts for both

confounding and missing outcome data, with

incomplete confounders dealt with via the missing

covariate indicator method (MCIM)

Follow-up period From birth to ages 5 and 9 years From birth to ages 5 and 9 years

Outcomes and outcome measures Child development at 5 years as measured by

AEDC

• Indicator of developmental vulnerability in

any

of the five AEDC domains

• Indicators of developmental vulnerability in

each of the five AEDC domains

Academic achievement at 9 years as measured

by the Year 3 NAPLAN

• Indicators of being at or below the national

minimum standard for each of the four

NAPLAN domains

Outcome measures obtained through data

linkage, for which participant consent

would be sought at recruitment. Outcome

assessment is blinded and systematic

The same outcome measures as in the target trial, with

the difference being that linkage consent is not

sought individually. In particular, NAPLAN linkage

was not available for private schools in BEBOLD,

which is an important reason for missing outcome

data

Causal effect measure Difference in expected outcomes in interven-

tion arm versus control arm in the target

population

Under a set of assumptions, the causal effect measure is

equal to the ‘average treatment effect in the treated’

in the difference scale (see main text) and is identifi-

able from the data (see Supplementary Material,

available as Supplementary data at IJE online)

FHVP, Family Home Visiting Program; BEBOLD, Better Evidence Better Outcomes Linked Data platform; AEDC, Australian Early Development Census;

NAPLAN, National Assessment Program—Literacy And Numeracy.
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Emulation of the target population

The challenge in this step is to identify a sample that is repre-

sentative of the target population as defined by the eligibility

criteria, in the sense that it shares the same distribution for a

rich vector of measured baseline covariates C0. The covari-

ates we considered under C0 are defined in the section

‘Confounders’ below. To identify such a sample, we made

use as explained below of the following binary indicators

available for each record: FHVP eligibility as determined by

the multidisciplinary case review (denoted E, with E ¼ 1 if

eligible by case review, E ¼ 0 if not); FHVP offer (O, with

O ¼ 1 if offered FHVP, O ¼ 0 if not); and receipt of one or

more nurse visits at an age in agreement with the programme

design and after the initial FHVP roll-out phase (V, with

V ¼ 1 if received one or more FHVP visit after 1 April 2004

and within the first 25 weeks of life; V ¼ 0 if not).

We used the first indicator, E, to identify all individuals in

the sample deemed eligible by case review, enabling us to em-

ulate eligibility Criterion (a). However, we did not have a bi-

nary indicator D identifying those who would in addition

accept an offer, which would be needed to emulate eligibility

Criterion (b). This lack was, first, because not all individuals

deemed eligible by case review received an offer (i.e. for some

records, E ¼ 1 but O ¼ 0) which was due to system-related

reasons: lack of CaFHS service resources or geographical

area, for which we have measured proxies (CaFHS service

area and remoteness, denoted P). For individuals who did re-

ceive an offer (O ¼ 1), their acceptance D was not captured

in the data. To circumvent this we made some assumptions,

depicted in the causal diagram in Figure 1, in particular that

within the eligible population receipt of an offer is indepen-

dent of the individual’s characteristics C0 given P,

(O? C0 jP;E ¼ 1Þ. We further assume that V is a reason-

able proxy of readiness to engage, considering that V ¼ D

when O ¼ 1. Under these assumptions it follows that, given

P, the sample of individuals who were eligible by case re-

view, received an offer and at least one visit, is representa-

tive of the target population in terms of the joint

distribution f of C0. Indeed, f c0jP;E ¼ 1;D ¼ 1ð Þ ¼
f c0jP;E ¼ 1;O ¼ 1;D ¼ 1ð Þ ¼ f c0jP;E ¼ 1;O ¼ 1;V ¼ 1ð Þ.
We therefore used this sample to emulate the target popula-

tion and refer to it as the ‘target sample’, and further in-

cluded P in the confounder set.

Emulation of trial arms (intervention and control)

We emulated the intervention arm by the sample of eligible

individuals who were offered FHVP and received at least one

nurse visit, that is with E ¼ 1; O ¼ 1; and V ¼ 1. Therefore,

the intervention arm was equal to the target sample. We emu-

lated the control arm using the sample of eligible individuals

who were not offered the programme (E ¼ 1;O ¼ 0) for what

we know were system-related reasons P. It is not known

whether these individuals are representative of the target popu-

lation with respect to C0, even given P. Therefore, below we

use the distribution of C0 in the target sample/intervention arm

to emulate the causal effect measure in the target population.

Confounders

Following the causal diagram in Figure 1, we adjusted all

analyses for P as well as 27 additional baseline covariates

(C0) identified as potential confounders a priori, based on

substantive knowledge. The overall set, denoted by C, is

listed in Table 2 and consists of sociodemographic, geo-

graphical, maternal health and pregnancy characteristics,

including year of birth, birth outcomes, domestic violence

indicators, housing type and other data captured specifi-

cally as part of the FHVP process.

Emulation of follow-up period and outcomes

Data linkage enables emulation of the follow-up from birth

(time zero/baseline) to when AEDC and NAPLAN take place.

Emulation of causal effect measure

Denote by A the arm indicator ðA ¼ 1 for intervention, i.e.

if E ¼ 1;O ¼ 1;V ¼ 1, and A ¼ 0 for control, i.e.

E ¼ 1;O ¼ 0); Y the observed outcome; and Ya the poten-

tial outcome of an individual had they been assigned to

trial arm A ¼ a. It can be deduced from the definitions of

A and C and Figure 1 that Ya? A jC. Given this, and that the

intervention arm is representative of the target population

(proof above), the causal effect measure of interest is mathe-

matically equivalent to the ‘average treatment effect in the

treated’ (ATT)25 in the difference scale:

X
c
fP Y1 ¼ 1jC ¼ cð Þ � P Y0 ¼ 1jC ¼ cð Þgf ðcjA ¼ 1Þ

¼
X

c
fP Y1 ¼ 1jA ¼ 1;C ¼ cð Þ

� P Y0 ¼ 1jA ¼ 1;C ¼ cð Þgf ðc A ¼ 1j Þ
¼ P Y1jA ¼ 1ð Þ � P Y0jA ¼ 1ð Þ ¼ ATT:

In the context of incomplete outcome and confounder

data, where the latter are handled via the missing covariate

Eligible by 
case review

( )

Received≥1 visit
( )

Baseline 
characteris�cs

( 0)

Would accept 
if offered

(unmeasured)
( )

Offered
( ) 

Geographical 
area & system 

resources
( )

Outcome
( )

Figure 1 Causal diagram depicting assumptions regarding the observed

data on the Family Home Visiting programme (FHVP)

International Journal of Epidemiology, 2023, Vol. 52, No. 1 123



indicator method (MCIM—see below), the ATT is identifi-

able under a set of assumptions provided and discussed in

the Supplementary Material.25–28 In our study there were

missing data in some confounders and outcomes, with an

important source being NAPLAN scores from private

schools who do not make their data available for linkage

(see Supplementary Material).

Estimation and handling of missing data

We considered confounders with less than 0.1% values

missing as complete, excluding the corresponding incom-

plete records (three and seven records for AEDC and

NAPLAN samples, respectively). Missingness in remaining

covariates was handled using MCIM, which includes the

covariate, its missingness indicator and their interaction in

the models in targeted maximum likelihood estimation

(TMLE) as described below. MCIM has been commonly

used with TMLE26,29 because it enables incorporation of

all available data while avoiding the parametric assump-

tions of default multiple imputation (MI) strategies using

main-effects regression models that could be incompatible

with machine learning algorithms and thus lead to bias.30

Primary estimation used a version of TMLE for the ATT

with the SuperLearner31,32 that adjusts for both confounding

and missing outcome data by relying on three models: one

for the outcome risk, given ðA;C;MCÞ, P Y ¼ 1jA;C;MCð Þ;
one for the probability of being in the intervention arm,

given ðC;MC), P A ¼ 1jC;MCð Þ; and one for the probabil-

ity of having missing outcome, given ðA;C;MCÞ,
P MY ¼ 1jA; C;MCð Þ:27,28,32 Here MY is a binary indicator

of missing outcome and MC denotes a vector of binary

missingness indicators for each incomplete covariate.

Robustness checks

We conducted additional analyses to check robustness of

results to the selection of the analytical sample, including

an examination of effect modification by period, as well as

to the chosen estimation and missing data handling meth-

ods (see Supplementary Material).

Results

Supplementary Figures S2 and S3 (available as

Supplementary data at IJE online) show the flow of partici-

pants through the FHVP process, for the AEDC

(n¼ 45 150) and NAPLAN (n¼61 185) analytical sam-

ples. In each case, 12% of newborns were eligible for

FHVP. In the AEDC sample, 38% (n¼ 2025) of eligible

newborns (n¼ 5300) went on to receive both an offer and

at least one FHVP nurse visit, which constituted the target

sample and the intervention arm. The control arm con-

sisted of the 40% (n¼ 2135) who were eligible but did not

receive either an offer or a visit. In the NAPLAN sample,

33% (n¼2381) of eligible newborns (n¼7302) received

both an offer and at least one visit, with the control arm

consisting of the 55% (n¼ 3989) who did not receive ei-

ther an offer or a visit.

Descriptive statistics by arm are shown in Table 2.

Those for the intervention arm, which is also the target

sample (columns 2 and 5, for AEDC and NAPLAN, re-

spectively) provide a characterization of the target popula-

tion (see Supplementary Material for comparison with

general population). Compared with the intervention arm,

in the control arm (columns 1 and 4, for AEDC and

NAPLAN, respectively) mothers were older at birth (me-

dian 28–29 years versus 22–23 years in intervention arm),

there were lower proportions of Indigenous children

(10.9–14.8% versus 23.1%) and there were higher propor-

tions of children from remote areas (5.5–6.2% versus 0.1–

2.2% in intervention arm). Over 40% of records in each

arm in each sample had at least one incomplete covariate.

Proportions of missing outcome data were high and

unadjusted risk estimates based on available data were

higher in the intervention arm than control arm (Table 3).

In both arms, outcome risks were higher than estimates in

the general population: risk of scoring at or below national

minimum standard across NAPLAN domains was 21–

38% in our sample versus 10–20%,33 and risk of develop-

mental vulnerability on at least one AEDC domain was

32–37% in our sample versus �25%.34

Figure 2 shows estimates of the causal effect of FHVP

for AEDC outcomes in the main analytical sample, as well

as the common sample (defined as the overlap of the

AEDC and NAPLAN samples), for the eight combinations

of estimation [TMLE, g-computation (‘gcomp’), inverse

probability weighting (IPW)] and missing data [MCIM,

complete covariates (‘CCov’), complete cases (CC), MI]

methods.

We would expect that the intervention, if it has any effect,

would be beneficial, resulting in a reduced outcome risk (neg-

ative risk difference). Contrary to expectations, with the pri-

mary approach (‘TMLE-MCIM’, in bold) in the main

sample, we estimated a small adverse effect of FHVP on risk

of development vulnerability on one or more domains, with

the intervention leading to an absolute increase in risk of

7.4% [95% confidence interval (CI): 4.8 to 10.0%] com-

pared with receiving no intervention. Adverse but smaller

effects were also estimated for some domain-specific scores

(social competence, emotional maturity, and communication

skills and general knowledge), but not for the other two

domains (physical health and wellbeing, and school-based

language and cognitive skills). In the common sample or with
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Table 2 Characteristics of the intervention arm (equal to the target sample) and the control arm in each analytical sample within

BEBOLD, South Australia, 2004–10

AEDC analytical sample NAPLAN analytical sample

Control Intervention Missing (%)c Control Intervention Missing (%)c

na 2135 2025 3989 2381

Year of birth (%) 0.0 0.0

2004 46 (2.2) 45 (2.2) 873 (21.9) 394 (16.5)

2005 – – 1024 (25.7) 733 (30.8)

2006 1152 (54.0) 621 (30.7) 1492 (37.4) 959 (40.3)

2007 600 (28.1) 295 (14.6) 600 (15.0) 295 (12.4)

2008 or later 337 (15.8) 1064 (52.5) – –

Sex of baby: Male (%) 1082 (50.7) 1028 (50.8) 0.0 1989 (49.9) 1200 (50.4) 0.0

Aboriginal and/or Torres Strait Islander: Yes (%) 233 (10.9) 467 (23.1) 0.0 592 (14.8) 549 (23.1) 0.0

Maternal country of birth: Not Australia (%) 241 (11.3) 352 (17.4) 0.0 487 (12.2) 334 (14.0) 0.0

Maternal age at birth: median [IQR] 29 [23, 33] 23 [19, 30] 0.0 28 [22, 33] 22 [19, 29] 0.0

Paternal age at birth: median [IQR] 31 [27, 36] 27 [22, 34] 10.0 31 [25, 36] 27 [22, 34] 10.7

Maternal marital status at birth: Not partnered (%) 489 (22.9) 693 (34.2) 0.0 1109 (27.8) 873 (36.7) 0.0

Previous births (%) 0.0 0.0

First child 832 (39.0) 1359 (67.1) 1726 (43.3) 1416 (59.5)

Second child 677 (31.7) 440 (21.7) 1187 (29.8) 547 (23.0)

Third or higher child 625 (29.3) 226 (11.2) 1074 (26.9) 417 (17.5)

Remoteness (%) 0.0 0.0

Major Cities of Australia 1299 (60.8) 1582 (78.1) 2271 (56.9) 2023 (85.0)

Inner Regional Australia 271 (12.7) 159 (7.9) 509 (12.8) 80 (3.4)

Outer Regional Australia 448 (21.0) 239 (11.8) 960 (24.1) 275 (11.5)

Remote Australia 117 (5.5) 45 (2.2) 249 (6.2) 3 (0.1)

CaFHS service area (%) 0.0 0.0

Country North and Other 313 (14.7) 167 (8.2) 705 (17.7) 137 (5.8)

Country South 461 (21.6) 249 (12.3) 906 (22.7) 211 (8.9)

Metro Central 323 (15.1) 535 (26.4) 928 (23.3) 296 (12.4)

Metro North 358 (16.8) 615 (30.4) 508 (12.7) 1110 (46.6)

Metro South 680 (31.9) 459 (22.7) 942 (23.6) 627 (26.3)

IRSAD decile: median [IQR] 4 [2, 6] 3 [1, 6] 0.1 4 [2, 6] 4 [1, 5] 0.1

Maximum education of parent 1 (%) 32.6 29.1

Year 9 or equivalent or below 84 (5.8) 69 (5.1) 142 (5.1) 93 (5.4)

Year 10 or equivalent 191 (13.2) 201 (14.8) 370 (13.3) 270 (15.5)

Year 11 or equivalent 175 (12.1) 185 (13.6) 370 (13.3) 270 (15.5)

Year 12 or equivalent 164 (11.4) 107 (7.9) 318 (11.5) 180 (10.4)

Certificate I to IV (including trade certificate) 529 (36.7) 491 (36.1) 978 (35.2) 605 (34.8)

Advanced diploma/Diploma 118 (8.2) 134 (9.9) 258 (9.3) 160 (9.2)

Bachelor degree or above 182 (12.6) 173 (12.7) 341 (12.3) 160 (9.2)

Family employment at birth (%) 0.9 1.1

Mother and father not in labour force 304 (14.4) 387 (19.3) 629 (16.0) 532 (22.5)

No partner, mother not in labour force 223 (10.5) 312 (15.6) 531 (13.5) 414 (17.5)

Other 1590 (75.1) 1307 (65.2) 2781 (70.6) 1416 (59.9)

Housing SA contact (%) 0.0 0.0

No contact 1755 (82.2) 1432 (70.7) 3102 (77.8) 1613 (67.7)

In public housing 149 (7.0) 194 (9.6) 338 (8.5) 260 (10.9)

Waiting list, not in public housing 99 (4.6) 178 (8.8) 281 (7.0) 270 (11.3)

Rental assistance, not in public housing/waiting list 132 (6.2) 221 (10.9) 268 (6.7) 238 (10.0)

Maternal smoking 2nd half of pregnancy: Yes (%) 617 (29.8) 570 (28.8) 2.8 1215 (31.6) 834 (36.2) 3.4

Pregnancy hypertension—all types: Yes (%) 182 (8.5) 189 (9.3) 0.0 345 (8.7) 227 (9.5) 0.0

Gestational diabetes: Yes (%) 109 (5.1) 82 (4.0) 0.0 187 (4.7) 95 (4.0) 0.0

Antenatal care: Less than 7 antenatal visits (%) 255 (12.7) 260 (13.8) 6.5 541 (14.7) 352 (15.6) 6.8

(Continued)
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other non-TMLE methods, such estimates were in general

closer to zero and confidence intervals wider. Period-specific

analyses (Supplementary Figures S4 and S5, available as

Supplementary data at IJE online) revealed that the main-

sample results were driven by the 2009–10 sample, in which

adverse effects were estimated by most approaches for overall

risk of developmental vulnerability and three domains.

However, effect estimates in the earlier cohort (2006–07)

were for the most part small.

For NAPLAN (Figure 3), in the main sample and with

TMLE-MCIM, we estimated a large, beneficial effect of

FHVP on the risk of reading scores being at or below the

national minimum standard, with the intervention leading

to an absolute reduction in risk of -20.6% (95% CI -23.5

to -17.7%). There was also a substantial reduced risk

when considering writing scores (-15.5%, 95% CI -18.6 to

-12.4%), and smaller estimates when considering grammar

(-8.2%, 95% CI -11.6 to -4.8%) and spelling (-5.0%, 95%

CI -8.0 to -2.0%) scores, while the estimate for numeracy

was small (1.4%, 95% CI -1.6 to 4.5%). However, in the

common sample or considering other estimation methods,

these beneficial effect estimates disappeared. Period-

specific analyses (Supplementary Figures S6–S8, available

as Supplementary data at IJE online) revealed that those

beneficial effect estimates, particularly on reading and

writing, were driven by the 2004–05 sample, in which

TMLE approaches also estimated a large beneficial effect

on numeracy. There is a pattern of transition across the

three 12-month period-specific cohorts between 1 May

2004 and 30 April 2007, from large beneficial effect esti-

mates through negligible differences to small adverse effect

estimates.

Discussion

Our goal was to demonstrate the use of causal inference

concepts and methods in whole-of-population linked ad-

ministrative data to evaluate effects of an intervention tar-

geted to populations experiencing social disadvantage. The

methodology followed the steps of the ‘causal roadmap’,31

with clear definition of a policy-relevant estimand using

the target trial concept, emulation under transparent

assumptions that elucidate and help to limit bias risks, esti-

mation using robust statistical methods and sensitivity

analyses. A key motivation for this work was to demon-

strate the possibility of estimating effects in policy-relevant

target populations, which can in principle be characterized

in linked databases. It can be difficult for RCTs to enrol

the populations that are of policy relevance,18 particularly

for long-term follow-up. RCTs of early interventions rarely

are funded for follow-up beyond 2–5 years35,36 and yet

policy-relevant outcomes, such as welfare receipt, may oc-

cur decades later. The proposed approach is therefore a po-

tential route to generate high-quality, policy-relevant

evidence that is complementary to that produced in RCTs.

This approach provides an alternative evidence lens that is

particularly significant in the context of target populations

experiencing multiple disadvantages.

Table 2 Continued

AEDC analytical sample NAPLAN analytical sample

Control Intervention Missing (%)c Control Intervention Missing (%)c

Preterm baby (up to 36 weeks): Yes (%) 215 (10.1) 221 (10.9) 0.0 403 (10.1) 268 (11.3) 0.0

Birthweight for GA z-score: mean (SD) 0 (1) 0 (1) 0.0 0 (1) 0 (1) 0.1

Baby in hospital at 28 days: Yes (%) 77 (3.6) 67 (3.3) 0.0 139 (3.5) 80 (3.4) 0.0

Congenital anomalies: Yes (%) 184 (8.6) 160 (7.9) 0.0 309 (7.8) 174 (7.3) 0.0

Congenital anomalies (FHVPb): Yes (%) 151 (7.1) 77 (3.8) 0.0 224 (5.6) 94 (3.9) 0.0

Drug- and alcohol-related issues (FHVPb): Yes (%) 95 (4.4) 64 (3.2) 0.0 238 (6.0) 131 (5.5) 0.0

Maternal mental health issues (FHVPb): Yes (%) 1153 (54.0) 684 (33.8) 0.0 1969 (49.4) 903 (37.9) 0.0

Poor maternal attribution (FHVPb): Yes (%) 99 (4.6) 242 (12.0) 0.0 266 (6.7) 270 (11.3) 0.0

Domestic violence: Yes (%) 196 (9.2) 195 (9.6) 0.0 481 (12.1) 415 (17.4) 0.0

Domestic violence (FHVPb): Yes (%) 106 (5.0) 69 (3.4) 0.0 245 (6.1) 132 (5.5) 0.0

Child protection services contact in first 30 days: Yes (%) 79 (3.7) 95 (4.7) 0.0 103 (2.6) 59 (2.5) 0.0

Any covariate missing: Yes (%) 927 (43.4) 935 (46.2) 0.0 1744 (43.7) 984 (41.3) 0.0

BEBOLD, Better Evidence Better Outcomes Linked Data platform; AEDC, Australian Early Development Census; NAPLAN, National Assessment Program—

Literacy And Numeracy; IQR, interquartile range; CaFHS, South Australian Child and Family Health Service; SA, South Australia; GA, gestational age; FHVP,

Family Home Visiting Program; IRSAD, Index of Relative Socio-economic Advantage and Disadvantage.
aThis gives the total number in each analytical sample, but descriptive statistics for each characteristic are based on the records with available data for that vari-

able in the given sample.
bThis measure was collected as part of the FHVP eligibility assessment process.
cThis is the proportion of missing data across both treatment groups.

126 International Journal of Epidemiology, 2023, Vol. 52, No. 1

https://academic.oup.com/ije/article-lookup/doi/10.1093/ije/dyac092#supplementary-data
https://academic.oup.com/ije/article-lookup/doi/10.1093/ije/dyac092#supplementary-data
https://academic.oup.com/ije/article-lookup/doi/10.1093/ije/dyac092#supplementary-data
https://academic.oup.com/ije/article-lookup/doi/10.1093/ije/dyac092#supplementary-data


Substantively, our results did not provide robust evi-

dence of meaningful beneficial or adverse effects of FHVP.

Period-specific analyses revealed that the effect, if any,

worsened over time, going from beneficial to neutral for

NAPLAN, and from neutral to adverse for AEDC.

Assuming no measurement error, confounding or selection

bias, which might not be reasonable (see below), there are

two possible explanations for effect modification by time-

period: a change in the intervention itself or a change in

the target population over time. For example, it is possible

that nurse training might have been better during the early

days which, if not sustained, which would entail a change

in the intervention over time. A comparison of the mea-

sured characteristics of period-specific cohorts did not sug-

gest any substantial differences, except in the CaFHS

service area (results available upon request), which points

to potential heterogeneity in the delivery of the programme

across centres.

The quality of linked administrative data is not compara-

ble to that of data collected for research purposes. Our efforts

to mitigate the risk of bias due to measurement error and

confounding may not have been sufficient, particularly to

correct for the confounding that could explain the higher

risks observed in the intervention arm in unadjusted analyses

(Table 3), especially in the later periods. If there is residual

confounding or measurement error then our causal effect esti-

mates could be biased. Alternative approaches to dealing

with the high proportion of missing outcome data, which

could also induce bias in causal effect estimates, led to similar

results for most outcomes except in a couple of cases with

TMLE, notably for some NAPLAN outcomes. Other

approaches could be considered,37 but the lack of linkage to

NAPLAN results for private schools would remain a threat

to the "recoverability" of the effect.38 The consequences in

terms of bias would be different for each missing data

method and are difficult to quantify because of the large

number of possible unverifiable and alternative scenarios.38,39

Nonetheless, it has been found that between-sector differen-

ces in a NAPLAN-based measure of student progress are

equivalent to about 1 month after school-level disadvantage

is taken into account.40

The target trial defines the causal effect of interest as

the effect of receiving at least one visit, which would corre-

spond to a type of per protocol effect in a real trial. Other

possible per protocol effects could examine the effect of re-

ceiving a larger number of visits, but estimation of those

effects would require data, such as reasons for dropping

out of the programme, that were not available for this

study. An analysis of the effect of offering the programme

would be closer to an intention-to-treat effect,1 but may be

of less policy relevance because it is when individualsT
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Figure 2 Estimates of the effect of the Family Home Visiting programme (FHVP) on Australian Early Development Census (AEDC) outcomes in

BEBOLD, South Australia, 2004–10: adjusted risk differences (intervention—control) estimated with the primary method (in bold) and in sensitivity

analyses with other methods, in the main (black) and common (grey) analytical samples, and corresponding 95% confidence intervals. BEBOLD,

Better Evidence Better Outcomes Linked Data; CC, Complete Case; CCov, Complete Covariates; DV1, Developmental Vulnerabilities in at least 1 do-

main; Gcomp, G-computation; IPW, Inverse Probability Weighting; MCIM, Missing Covariate Indicator Method; MI, Multiple Imputation; TMLE,

Targeted Maximum Likelihood Estimation
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Figure 3 Estimates of the effect of the Family Home Visiting programme (FHVP) on National Assessment Program—Literacy And Numeracy

(NAPLAN) outcomes in BEBOLD, South Australia, 2004–10: adjusted risk differences (intervention—control) estimated with the primary method (in

bold) and in sensitivity analyses with other methods, in the main (black) and common (grey) analytical samples, and corresponding 95% confidence

intervals. BEBOLD, Better Evidence Better Outcomes Linked Data; CC, Complete Case; CCov, Complete Covariates; Gcomp, G-computation; IPW,

Inverse Probability Weighting; MCIM, Missing Covariate Indicator Method; MI, Multiple Imputation; TMLE, Targeted Maximum Likelihood Estimation
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initiate the programme that the bulk of resourcing is trig-

gered, such as estimating staffing requirements.

Differences in estimates obtained with TMLE versus

other methods, in particular the narrower confidence inter-

vals often observed for TMLE, need to be interpreted with

caution. Whereas TMLE is robust to mis-specification in

terms of parameter estimates, this robustness does not ex-

tend to standard error and confidence interval estimation,

with bias having been observed in similar sample sizes.41

This strengthens our rationale for sensitivity analyses and

global interpretation of results.

Administrative whole-of-population linked data plat-

forms, coupled with the target trial approach, present an

opportunity to complement evidence from RCTs which

may not capture the policy population of interest, as well

as to produce evidence when RCT evidence is not available

or for post-implementation evaluation. We hope that the

potential to generate policy-relevant evidence will prompt

researchers to collaborate with policy makers in the pro-

cess of collecting administrative data, to ensure it contains

the information needed for high-quality emulation of tar-

get trials of real-world interventions. This would help turn

purely administrative data systems into ‘intelligent infor-

mation systems’ that help underpin continuous quality im-

provement of what works.22
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