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The heterogeneous effects of neonatal care: a model of endogenous demand for
multiple treatment options based on geographical access to care

Neonatal units in the UK are organised into three levels, from highest Neonatal Intensive Care Unit
(NICU), to Local Neonatal Unit (LNU) to lowest Special Care Units (SCU). We model the endogenous
treatment selection of neonatal care unit of birth to estimate the average and marginal treatment
effects of different neonatal designations on infant mortality, length of stay and hospital costs. We
use prognostic factors, survival and hospital care use data on all preterm births in England for 2014-
2015, supplemented by national reimbursement tariffs and instrumental variables of travel time
from a geographic information system. The data were consistent with a model of demand for
preterm birth care driven by physical access. In-hospital mortality of infants born before 32 weeks
was 8.5% overall, and 1.2 (95% Cl: -0.7, 3.2) percentage points lower for live births in hospitals with
NICU or SCU compared to those with an LNU according to instrumental variable estimates. We find
imprecise differences in average total hospital costs by unit designation, with positive unobserved
selection of those with higher unexplained absolute and incremental costs into NICU. Our results
suggest a limited scope for improvement in infant mortality by increasing in-utero transfers based on
unit designation alone.

Keywords: Endogeneity, Instrumental variables, control function, multiple treatments, geographical
access, semi-parametric, average treatment effects, neonatal, seemingly unrelated regression
equations; latent factor, policy evaluation




1 | INTRODUCTION

Preterm birth is accompanied by high risks of morbidity and neonatal mortality, and need for
specialised neonatal care services. Since 2003 neonatal services in England are organised into
managed clinical networks (DH 2003; Marlow et al. 2007) in which specialist care is centralised and
low-level care is distributed across the network. These services are provided in neonatal units of
three designated levels of specialisation: level 1 or Special Care units (SCU) look after infants needing
level 1 care involving continuous monitoring of their breathing or heart rate, oxygen supply, tube
feeding and recovery from phototherapy; level 2 or local neonatal units (LNU) can provide level 1
care as well as providing level 2 care such as short-term intensive care and support including
continuous positive airway pressure (CPAP); level 3 or neonatal intensive care units (NICU) can
provide level 1 and level 2 care and can additionally provide level 3 care for infants requiring
ventilation, CPAP, and weighing <1kg. According to clinical guidelines, births of <28 weeks of
gestational age (extremely preterm) should be cared for at a level 3 neonatal unit (NICE 2010).
Nevertheless some extremely preterm infants are still born in hospitals with lower level units. Thus
the relative effectiveness between neonatal unit designation levels is a key policy issue.

Estimating the relative effects of different designations on infant mortality requires inferring
causality from observational data. Infant assignment to hospital of birth may be non-random,
thereby confounding the observed mortality differences for true causal effects. Mothers of high-risk
preterm infants may seek giving birth at designated level 3 units even among babies of the same
gestational age and birthweight (Marlow et al. 2014). Instrument variables (IV) estimation is a
method commonly used in economics to infer causality in observational studies (Wooldridge 2010)
and increasingly used to estimate causal treatment effects in health service research (Garabedian et
al. 2014).

Studies exploring the effects of neonatal unit designation at hospital of birth have shown that low-
designated units are associated with increased rates of in-hospital mortality (Lasswell et al. 2010,
Phibbs et al. 2007), although a recent study of very low-birthweight infants in California found no
such association (Jensen and Lorch 2016). However, differences in organisation structure between
UK neonatal services and other nationally funded neonatal services (Kelly et al. 2017), and the much
larger neonatal units typical of the US, may limit the generalisability of results across countries. In
the UK, Watson et al. estimated the causal effect of level 3 unit on infants born at <32 weeks using
an instrumental variable (V) approach and found no evidence that birth in NICU affects in-hospital
mortality compared to lower unit designations (Watson et al. 2014a). They also found that higher
nurse-to-patient ratios and higher per diem costs reduced infant mortality in NICUs (Watson et al.
2014b, Watson et al. 2017). However, none of these studies sought to analyse unobserved
heterogeneity in treatment effects (Cornelissen et al. 2016).

The paper’s methodological contribution is to develop an IV estimation framework with the first
stage endogenous treatment choice modelled as a demand system, thus providing structural
validation tests of identification with continuous geographical access, travel time, IVs. We test for
unobserved heterogeneity in marginal treatment effects of NICU vs. other designations combined,
and introduce a control function approach for estimating heterogeneous treatment effects with
more than two treatment options. These methods are used to estimate the causal effects of preterm
birth in a hospital with a SCU, LNU, or NICU, on in-hospital mortality, length of stay and hospital
costs.



2 | Causal estimation approach

In this study our IV identification strategy is based on variation in travel time as measure of physical
access to treatment. A systematic review of 187 comparative health effectiveness studies using an IV
approach between 1993-2011 found that 65 studies had estimated mortality effects and, of these,
27 studies used travel distance (defined as straight line, Euclidean distance, or travel time) as
instrumental variable, the second most common instrument after variation in regional treatment
patterns (Garabedian et al. 2014).

In our context, IV estimation assumes that study subjects are a mix of high or low risk mothers that
by chance live close to a particular unit. The IV estimates based on travel time or distance apply to
mothers whose hospital designation at delivery is determined by the relative closeness of different
hospital designations, and these mothers are known as ‘compliers’, because their randomly
allocated ‘treatment’ (i.e. closest unit level) determines their place of delivery. Travel distance or
time is a natural predictor of place of birth, and therefore candidate for instrument, as women
prefer to deliver in a local unit (Hollowell et al 2016) and birthing units recommend avoiding
excessive distances to limit the risk of out-of-hospital birth (Blondel, 2011). Previous distance-based
IV studies have used differenced and absolute measures of distance or travel time as instruments in
almost equal measure (Garabedian et al. 2014). In this study we use absolute travel times as the
more accurate and less restrictive option for a set of IVs and validate them by comparing their
actual and expected effects when interpreted as implicit access prices in a model of demand for
treatment.

In addition, the continuous scale of both travel time and distance permits us to analyse how
treatment effects vary across individuals with different unobserved propensities to use treatments,
by estimating marginal treatment effects (MTE, Carneriro, Heckman and Vytlacil 2010), the
continuous version of the ‘local average treatment effect’ (Imbens and Angrist 1994; Angrist and
Pishcke 2001). Few studies in health economics have analysed treatment effect heterogeneity (Basu
et al. 2007; Basu et al. 2014; Evans and Garthwaite 2012; Tyler-Brown et al. 2011) and this is an
aspect we seek to address in this study.

Finally, the IV estimator implies a testable relationship between distance or travel time instruments
and demand for the different treatment options. For example, Cutler evaluated heart services using
difference in access (distance to hospital of each type) to intervention and control treatments as
instruments (Cutler 2007). Watson similarly relied on IV estimation but only used information on the
closest hospital and thus ignored instruments on alternative treatment options (i.e. when the
closest unit was a non-NICU the characteristics of NICU were omitted and vice versa; Watson et al.
2014). We add to the literature by introducing a control function approach to extend the
endogenous heterogeneous treatment effects model to 23 treatments.

3 | Methods

3.1 |Data

Data from the National Neonatal Research Database (NNRD) for years 2014 and 2015 were
employed in the analysis. The NNRD contains selected information from the BadgerNet Neonatal
Electronic Patient Record (https://www.clevermed.com/badgernet/badgernet-neonatal/) on all
admissions to NHS neonatal units. Outcomes considered were any in-hospital mortality in the period
from birth up to hospital discharge home or to a ward. Data available from the database include
antenatal, delivery and neonatal treatments and outcomes. Neonatal unit level designation was
taken from the 2015 National Neonatal Audit Programme report (RCPCH 2015). In our sample, 90%



of the 161 neonatal units in England gave permission to access NNRD data (100% of NICUs, 85% of
LNUs, and 90% of SCUs). .

Expected fastest road travel times were calculated from a Geographic Information System
(Maptitude® 2016) with MPMileCharter® add-in based on coordinates of postcode closest to the
population-weighted centroids of the 2011 LSOA (there is one LSOA for each postcode in England) of
the parents’ residences and closest hospitals of each type and information on typical duration of
journey on actual road grid. This created three Vs, i.e. three travel times for each individual, one per
neonatal unit level. The 2015 Multiple Index of Deprivation (IMD) for each LSOA was obtained from
the Office of National Statistics (ONS 2015). Ethical approval was obtained from the Neonatal Data
Analysis Unit at Imperial College, London.

3.2 | Main outcome equation

Three types of infant outcomes are separately analysed: in-hospital mortality, length of hospital stay
and associated reimbursement costs, and number of hospital days spent by the infant at three levels
of critical care. The binary (mortality), continuous (costs) and discrete count (hospital days) scales of
these outcomes required analysis using generalised linear models (Debb and Trivedi 2006) of
individual infant outcomes as a function of place of birth (LNU and SCU) relative to a reference unit
type (NICU),

Y; = g(B1SCU; + BoLNU; + X{ 8 + Aylsci + Azl 1ni) +v; (1)

where Y;is an observed continuous or discrete outcome of infant i in the follow-up period up to
hospital discharge, SCU; is a binary variable equal to 1 if the neonatal unit of birth of infant i is SCU
and 0 otherwise, and LNU; is likewise defined for birth in LNU. The term X6 stands for a linear vector
of adjusting covariates commonly used in this literature (Gale et al. 2013, Cole et al. 2010,
Manktelow et al. 2013, Ge et al. 2013, Tucker et al. 2002, Lorch et al. 2012; Appendix 0) including
birthweight, gestational age, index of multiple deprivation, and number of pregnancies (plus a
constant), with their respective coefficients 6.

The terms lsc; and Ini are unobserved latent utility factors (section 3.3) for SCU and LNU, respectively,
that serve to control for the endogeneity of SCU and LNU in Eq. 1, which occurs when coefficients
A120 and A, 20.. They account for possible unmeasured confounders, including prognostic factors
e.g. congenital abnormalities that place infants at higher risks of neonatal adverse events including
death. If, for example, women with high-risk pregnancies choose or are somehow determined by
unmeasured factors to deliver at NICUs, a (‘naive’) model excluding Isci and Iy will incorrectly
attribute some of the systematic variation in outcomes to the SCU and LNU variables and likely result
in biased estimates of Biiand Bai.

Assuming a mean zero error, Ev;=0,

9 Y (EY;) = B1SCU; + BoLNU; + X[ 8 + Ay lsc; + Azl (2)

with g}(EY) denoting the link function (logit or probit for mortality, log for costs, and log for days in
hospital) evaluated at the mean of outcome Y, i.e., mortality status, costs, or days in hospital. Eq. 1 is
estimated by maximum simulated likelihood, given a suitably chosen parametric distribution for v
(binomial for mortality, normal for costs and negative binomial for days in hospital). We estimated



Eq. 1 using IV and control function methods, which required estimating a treatment choice model of
the endogenous SCU and LNU binary variables as explained next.

3.3 | Instrumental variables

We evaluate the causal effects on infant outcomes of birth at LNU and SCU vs. NICU hospitals using
the three available instruments of travel time to the closest hospital of each neonatal unit type, zsc,
Zwn, Zi, for SCU, LNU and NICU respectively. At least two instruments were required for estimating
treatment effects of the potentially endogenous SCU and LNU variables in Eq. (1) (rank condition;
Wooldridge 2010). To be valid, the IVs have to determine the probability of delivering at a LNU and
SCU (relevance condition), and be correlated with the outcome Y only through their association with
LNU and SCU (conditional independence condition; Appendix 1 eq. 2).The individual may be born in
one of three types of neonatal unit, a discrete treatment selection process which we analyse as a
multinomial latent demand model where the neonatal unit level in the hospital of birth is the
treatment option of maximum latent utility for the mother.

3.4 Demand for hospital type for a very preterm birth

In order to model the endogenous multinomial treatment selection, we define ICU*, LNU*, SCU* as
the corresponding latent utilities of birth at the three neonatal unit levels:

SCU{ = 03z5¢c; + 022 ni + 0121ci + X{Vsc + €sci (3)
LNU{ = azzsc; + azzini + @1Zici + XiVin + €ni
ICU} = m3zsc; + MaZuny + T1Zici + X{Vic + €rci
where
i = W/w; +vj; j={SCLCIC}

are linear indices of unmeasured demand attributes (W) that are prognostic factors in outcome
equation (2) plus an independently distributed random error (u), while other Greek symbols are
coefficients to be estimated. Birth occurs in the unit type of maximum utility:

SCU; = 1if SCU; > ICU; and SCU; > LNU;,

SCU; =0 otherwise;

LNU; = 1if LNU; > ICU; and LNU; > SCU;,

LNU; =0 otherwise;
birth in a NICU occurs when SCU=0 and LNU=0.

We expect 03<0, a; <0, and 11 <0, whilst the coefficients of remaining instrumental variables are
expected to be positive or zero. The coefficients of the multinomial choice model of Eq. 3 are not
identifiable (Train 2003, p. 26-27). Subtracting the utility of a reference option, say, ICU* from each
equation in Eq. 3, results in an identifiable system of two independent equations of differenced
utility for SCU and LNU relative to the utility of NICU:



CU; = G325 + 652,81 + O121ci + X{Tsc + Esci (4a),

9]

Ul = @3z5ci + Qazini + Cazici + XiVin + Evne (4b)

o~

where utility differences depend on the three instruments, one for travel time to the closest unit of
each type, and the Greek symbols denote the estimable coefficients. The accents denote coefficients
transformed by subtracting the corresponding coefficient in the NICU latent equation, and €, y; and
€sci are the error terms in the propensity equations after subtracting the error in the NICU latent
equation. We expect the own-‘access price’ effect to be negative (&,<0 and §3<0), and the cross-
price of access to NICU effect to be positive (&; >0 and §1 > 0). In contrast, the expected signs of &;
and 6, are ambiguous a priori (Appendix 1). Birth in NICU (ICU=1) occurs when fEU{kO in 4a and
ZTVTIL-*<O in 4b, otherwise, birth occurs in a lower level unit (ICU=0). The case of birth at LNU (LNU=1)
and SCU (SCU=1) are defined analogously.

Our control function approach for estimating Eq. 2 (Debb and Trivedi 2006), uses equations 4a & 4b
and,

. it _ -
€rni = €Lni — €1ci = W (wpy — wie) + vpni — Viei = i + Ui

(5)
. i _ -
€sci = €sci — €1ci = W' (wse — wic) + Vsci — Vici = lsci + Usci

where linviand Isi are the values of unobserved indirect utility factors affecting the neonatal outcome
Y in Eq. 2. We assume that these terms are distributed standard normal across mothers, and
integrate them out of the likelihood function using simulation methods. To derive the likelihood we
assume that 0 y; and Ugc; are independently identically extreme-value distributed error terms that
are independent from lniand lsci and whose joint distribution implies a multinomial logit treatment
choice probability function of the linear indices of covariates and unobserved factors in 4a & 4b
(Appendix 2).

In addition, we estimate the multinomial probit treatment choice model (Roodman 2011) that
relaxes the independence of irrelevant alternatives (lIA) assumption of the multinomial logit model
by allowing the indirect utility equations 4a and 4b to be correlated (Train 2003). In sensitivity
analysis we impose the exclusion restrictions on 4a and 4b that all instrument coefficients other than
03, a, and 1y equal zero, i.e. SCU; = O3z5¢; — m12ic; + X{Vsc + Esci LNU; = apzn; — T Zici +
X{V1n + €Lni, to address possible issues of identification with this model (Keane 1992; Appendix 1).

3.5 |In-hospital mortality

The endogenous treatment model was specified as a logit outcome with multinomial logit treatment
control function (Debb and Trivedi 2006) and, alternatively, as a probit outcome with multinomial
probit treatment (Roodman 2011; Appendix 2). We present results in terms of marginal effects.

3.6 | Costs and length of stay

Reimbursement cost and length of hospital stay were analysed as linear outcomes with endogenous
multinomial logit (Debb and Trivedi 2006) or probit treatment (Roodman 2011). Reimbursement
costs were calculated by multiplying the number of days at each level of care (section 3.7) by the
corresponding English 2015 per diem (HRG) tariff. We also estimated heterogeneous treatment
effects in correlated random coefficients models (Card 2001), by limited information maximum
likelihood (Aakvik, Heckman and Vytalacil 2005; Appendix 2).



3.7 | Inpatient days by level of care

We estimated the effect of neonatal unit designation on the number of days at British Association of
Perinatal and Maternity (BAPM) levels of care 1, 2 and 3 separately, which together accounted for
98% of total LOS (the ‘super spell’ including any post-natal transfer) in our sample. This analysis used
a negative binomial endogenous multinomial logit treatment model. We present treatment effect
estimates in terms of incidence rate ratios and marginal effects (Appendix 2).

We estimate the MTE of NICU vs. non-NICU birth (Carneiro, Heckman and Vitlacil 2011; Cornelissen
et al. 2016) on mortality and the logarithm of hospital costs using a linear endogenous binary
treatment model. These analyses use a Gaussian family with an identity link, i.e. a linear probability
model for mortality and log linear model for costs. The treatment indicators SCU and LNU in (1) are
replaced by a treatment indicator, ICU, equal to 1 when SCU=0 and LNU=0 and 0 otherwise. Also, the
strong assumption that the latent factors enter linearly in (1) is relaxed by replacing them with a
non-parametric function Ky(p) of the ‘resistance to NICU’ treatment or propensity score (p):

EY; = X{8yo + X{ (6y1 — Syo)pi + Ky (1) (6)

The MTE is the derivative of (6) with respect to p,

JEY; ,
MTE; = o = Xj(6y1 — byo) + 0Ky (p)/0p
MTEs are estimated semi-parametrically (Brave and Walstrum 2014) and plotted relative to p. We
estimate alternative MTEs under the parametric probit treatment choice model (Appendix 3).

We tested for the existence of unobserved selection by prognosis (HO: p1 =0), where infants who
have worse unobserved prognosis may be more likely to be born in NICU than infants with better
prognosis, and selection by returns (HO: dKy(p)/0p=0 in (6) or 61p1-00po=0 in (7)), where infants with
unobserved characteristics predisposing them to benefit more from treatment are more likely to be
born in NICU (Appendix 3).

Standard errors are calculated using the method by White (1980), to account for clustering of infants
in hospitals, except for MTEs, which are estimated at the mean of covariates X, using the bootstrap
percentile method. Stata code illustrating the implementation of main analyses is provided in
Appendix 4.

4 | RESULTS
4.1 | Distribution of sample characteristics by geographical access

Data on 14,727 live births at less than 32 weeks’ gestation were available from the NNRD, 12,990 of
which had complete data on infant and hospital characteristics for analysis, with 303 observations
having invalid data values. Of the 12,687 remaining observations, 1650 (13%) individuals had no
travel time to the closest SCU or LNU hospitals data and were excluded from the analysis. The
remaining sample included 11,037 patients from 154 hospitals, of which 11 were hospitals that
delivered at least 100 infants weighing <1500 g per year on average during the study period ( ‘high-
volume’); all of these hospitals were ICU and 42% (2377) of the 5595 infants born in a NICU level
were delivered in a high-volume hospital. Fifteen infants were born in a hospital without a neonatal
unit and were transferred ex-utero to the closest neonatal unit in the network (14 to SCU, 1 to LNU);
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they were analysed according to the level of these units. In-hospital mortality in the analysis sample
was 8.52% (8.43% including missing travel time data cases).

There are no systematic differences in most descriptive characteristics of the analysed sample across
travel time to NICU tertiles (Table 1). In addition to the exposure variables (delivery at NICU, LNU
and SCU), systematic differences arise only for deprivation of residence, unknown delivery mode and
suggest the need to control for possible confounding by these variables in our analyses. Similar
results were obtained for tables in terms of travel times to LNU and SCUs and in London (Appendix
5).

4.2 | Demand (choice) model-first stage

Table 2 presents estimates obtained from multinomial probit and multinomial logit models for the
probability of birth in LNU (second and fourth columns) and the probability of birth at SCU (third and
fifth columns), adjusted for covariates. The signs of these coefficients are consistent with our a priori
expectations. The two coefficients with ambiguous expectations a priori, the cross-price effects of
access to SCU in the LNU equation and to LNU in the SCU equation are negative with p>0.10,
suggesting that the effect of travel time to LNU on the utility of SCU, and vice versa, is equal to or
smaller than its effect on the utility of NICU (eq. 4a, and $Sb). The probability of birth in a LNU level
facility was positively related with longer travel times to the closest NICU, and with longer travel
times to the closest SCU, whereas being negatively related with longer travel times to the closest
LNU facility. The price elasticity of demand decreases with level of specialisation, with NICU care
being the least responsive option to an increase in its own travel-time price of access. Birth at SCU is
nine times as responsive to travel time to NICU as it is to travel time to LNU (0.61 vs. 0.07).

4.3 | Estimates of in-hospital mortality

Table 3 summarises the estimated marginal effects of birth at LNU vs NICU and birth at SCU vs. NICU
in the naive single equation probit model (second column) and corresponding average treatment
effects of the IV model that adjusts for unobserved confounding (third column). In the naive probit
model birth in a SCU is associated with a 1.7 percentage point higher risk of neonatal death than
birth in NICU (p=0.09), while LNU with 0.4 percentage point excess risk over NICU (p=0.54). In the IV
model, the respective estimates are 0.1 (p=0.96) and 1.2 (p=0.23) under a probit specification.
According to the IV model diagnostic statistics, the hypothesis that birth at SCU is exogenous cannot
be rejected at p=0.05. Results were similar for logit specifications.

Similar results were obtained in the subgroup of infants born at less than 28 weeks’ gestation
(Appendix 5).

Our main results (reproduced in Table 4 column a) were robust to excluding socio-economic and
including mode of delivery covariates, and to variation in the specification of the endogenous
treatment model. Moreover, tests on the estimated correlations between the random error terms of
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the multinomial treatment equations and the mortality equation do not reject the null hypothesis
that birth at LNU and birth at SCU are exogenous in the mortality equation at p=0.05 under both
logit and probit specifications.

The IV estimates will not apply to those mothers who deliver in NICUs regardless of the distance or
time required to travel from home to their closest NICU. For example, high-risk mothers with history
of preterm birth may be booked in for birth at a hospital with a NICU in spite of it not being their
closest hospital; the so-called always takers of the intervention (birth at NICU) regardless of travel
time. The IV estimates will also not apply to high-risk mothers who are not transferred to higher
level units because of their infants’ poor life prospects; the so-called never takers of birth at NICU.
The proportion of always takers in our dataset appears to be higher than the proportion of never
takers: 732 (22%) of those mothers who would need more time to reach their closest NICU than to
reach their closest LNU and their closest SCU would still deliver at a NICU; in contrast, only 56 (1.5%)
and 388 (8.9%) mothers whose closest (minimum travel time) hospital was a NICU delivered in a SCU
and LNU, respectively. The analysis of MTE of birth at hospitals with NICUs vs. hospitals with a
lower-designation neonatal unit produced treatment effect estimates with 95% Cl crossing
zero throughout the unobserved resistance to NICU treatment (Appendix 6).

4.4 | Estimates on length of stay and costs

The estimated total duration of the neonatal hospital stay including hospital transfers (i.e. the ‘super
spell’) of an infant born in NICU, LNU and SCU was, respectively 66, 66, and 67 days (differences: SCU
vs NICU 1.0, p=0.76; LNU vs. NICU 0.6, p=0.81; Appendix 7 Table A7.1). The reimbursement cost of
birth was respectively £42,776, £44,854 and £43,220 per infant (NICU minus LNU, -£2078 [95% ClI: -
5551,1396]; NICU minus SCU, -£444 [-4690,3802]). The results for reimbursement cost and LOS
(Appendix 7 Table A7.1) are robust to varying the covariates (available from the authors).

Different test results for homogeneous effects were obtained for LNU (p<0.05) and SCU (p>0.05)
using a control function approach. Unobserved characteristics that led mothers to prefer LNU over
ICU were also associated with lower in-hospital costs; e.g. conditional on covariates, mothers in the
top 16 percent LNU utility ranking cost under £4634 less than the average. Moreover, individuals
with below-average unobserved LNU utility factors (i.e. ceteris paribus above-average NICU utility,
eq. 4b) have above-average returns (cost savings vs. NICU) with LNU (Appendix 6).

Parametric normal MTE for NICU vs non-NICU had 95% Cl that crossed zero (HO: no positive
selection into NICU by non-observably more costly patients, p=0.001; more incrementally costly
patients, p=0.17) (Appendix 7). Semi-parametric analysis reveals, however, that mothers who
delivered in NICU despite having the 20 to 40 percentile lowest predicted probabilities of doing so
(‘unobserved resistance’ on the x-axes in Figure 1) have the highest incremental costs relative to a
non-NICU birthplace.

While birth at lower level units results in very preterm infants spending the same total number of
days in hospital as they would if born at a NICU, birth at LNU results in more intensive care (BAPM 1)
days (IRR 1.40, 95% Cl: 1.26,1.55) and fewer specialised intensive care (BAPM 3) days (IRR 0.95, 95%
Cl: 0.90,1.01) relative to what would happen if the same infant were born in ICU (or SCU; Figure 2).
Birth at SCU results in similar numbers of inpatient days of treatment at the three levels of care
relative to birth at NICU (Appendix 9).

5 | DISCUSSION
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Our study found that the occurrence of very preterm births outside NICUs was consistent with a
model of demand for preterm birth care driven by physical access. Using data on physical access as
instrumental variables produced a 0.9-1.3 percentage points lower mortality in NICU and SCU
relative to LNU. In contrast, in the simple naive model with common prognostic covariates, in-
hospital mortality was 1-2 percentage points lower in hospitals with NICU or LNU compared to those
with an SCU. The 95% Cl of all these estimated differences crosses zero, suggesting they are due to
chance alone.

We found that our data were compatible with a mortality model in which there is no unobserved
confounding. In cases without such confounding, the IV method is inefficient relative to simple
regression analysis and may lead to incorrect inferences (Wooldridge 2010). However, we have a
priori reasons to suspect endogeneity is present e.g. from selective choice of NICU by pregnancies
with risk factors not recorded in our data, and our instruments were found to be strong and valid.
Therefore the likely treatment effect for designated units lies with the IV results. Moreover, there is
no evidence of an increase in the total length of the infant stay in these neonatal units or cost to
commissioners when these outcomes are analysed unadjusted for the competing death risk. Since
there are few ‘never NICU takers’, our IV estimates may be interpreted as the treatment effect on
the NICU-untreated (Angrist and Pischke 2009). Thus our results suggest that increases of in-utero
transfers from lower unit designations alone are unlikely to bring large improvements in in-hospital
mortality (Gale et al. 2012a,b).

Our study also exploited continuous instruments to analyse the heterogeneity in treatment effects
on mortality and costs. Our results failed to reject the hypothesis that there is no residual
unobservable self-selection of women into NICU according to neonate severity or expected mortality
risk reduction at conventional significance levels; however, it is possible that a larger sample would
have rejected it. In terms of costs, there is evidence of unobservable self-selection of complex (i.e.
more costly) cases into NICU hospitals and of negative selection by returns as some infants with the
highest additional costs relative to non-NICU care are prone to be born in NICU hospital for reasons
unrelated to birthweight, gestational age, socio-economic status, number of pregnancies and sex.

We found a significant causal reduction in the number of hospital days spent under the most
intensive care level (BAPM 1) that was accompanied by an increase in the number of days under
lower care intensity (BAPM 3) with NICU relative to LNU. While the associated net effect on overall
reimbursement costs to the NHS is apparently zero, and we did not find the mortality benefits
documented by Marlow and colleagues (Marlow et al. 2014), these results suggest nevertheless that
birth at NICU would reduce neonatal morbidity among those currently born in LNU. Further research
that investigates this question is warranted using measures of neonatal morbidity including
ventilator days; bronchopulmonary dysplasia; intraventricular haemorrhage, particularly the severe
grades 3-4; late-onset infection; necrotizing enterocolitis; and retinopathy of prematurity,
particularly severe stages 3 and above.

A limitation of our analysis is that the IV method requires the assumption that travel time to the
closest neonatal unit did not affect infant mortality by means other than through its role in
determining the level of the neonatal unit of the hospital of birth. It is possible that longer travel
time to a NICU increased the chance of in-hospital mortality among those infants delivered in a NICU
due to delays in receiving the required specialised care. However, we would expect these effects, if
present, to be secondary to the effects of travel time on mortality that are due to exposure to the
level of care of the neonatal unit of birth.
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Our measure of mortality, in-hospital infant death, did not include stillbirths, which exceed neonatal
deaths in England (2952 versus 1721 annually, ONS 2015). Another limitation of our dataset is its
lacking information on antenatal steroid use (ANS), which may account for the poorer mortality
results for the SCUs as these use less steroids (RCPCH 2017). Watson et al. using the same database
reported that covariates, including ANS, were evenly distributed between NICU and non-NICU born
very preterm infant groups, after controlling for the lowest decile of index of multiple deprivation
(Watson et al. 2015). We thus expect any omitted variable bias from ANS in our analysis, after
controlled for quintiles of socioeconomic deprivation, to be limited. Low socio-economic status is
itself linked to an increased risk of preterm births through low maternal weight and smoking (Taylor-
Robinson et al. 2011). Therefore, any unmeasured differences in socio-economic status that are not
captured by our multiple deprivation measure may have confounded our results also.

Future work should investigate differences in mortality and costs between high and low-volume
NICUs since a high volume of births may be more influential on neonatal mortality and outcomes
than a high designation level of unit (Jensen and Lorch 2015). Our findings comprise 42% of NICU
infants born in high-volume units in our sample.
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Table 1 Sample characteristics by travel time to NICUs (% unless stated otherwise)

All available observations

Excluding cases with missing

(N=12,687) travel time to LNU or SCU data
(N=11,037)
Lower Medium High Lower tertile | Medium High
tertile tertile tertile N=3,855 tertile tertile
N=4,191 N=4,185 N=4,311 N=3,500 N=3,682

Died 8.26 8.89 8.14 8.40 9.17 8.04
Discharged home 87.30 84.49 81.52 87.16 85.77 86.77
Discharged ward 1.29 1.53 2.07 1.37 1.66 2.01
Last record: transferred 2.94 4.56 7.66 2.88 3.20 3.02
to another hospital/unit
Unknown destination 0.21 0.55 0.60 0.18 0.20 0.16
Gestational age at birth 28.41 28.43 28.47 28.38 28.46 28.53
(weeks), mean (SD) (2.37) (2.33) (2.30) (2.38) (2.33) (2.29)
Birthweight (kg), mean 1.19 1.20 1.21 1.18 1.20 1.22
(SD) (0.38) (0.38) (0.39) (0.38) (0.38) (0.39)
Foetus 2+ 25.84 27.60 27.70 26.04 27.49 27.59
Female sex 46.36 45.16 46.69 46.46 44.80 45.95
Residence: Most 47.67 29.49 21.76 49.55 30.36 22.44
deprived quintile!
Residence: 2nd most 23.00 24.35 21.87 22.65 23.74 21.27
deprived quintile!
Residence: 3-5 least 29.33 46.16 56.36 27.80 45.90 56.29
deprived quintile3
Caesarean delivery 48.34 50.75 51.54 48.50 51.14 51.54
Spontaneous vaginal 37.06 36.92 36.67 37.15 36.46 36.85
Unknown delivery mode 4.84 3.70 0.00 4.77 3.74 0
Delivery at NICU 81.53 42.39 26.70 83.24 43.00 23.93
Delivery at LNU 13.36 47.22 58.76 11.47 46.11 60.81
Delivery at SCU 5.11 10.39 14.54 5.29 10.89 15.26
Delivery at high volume? 32.38 19.52 10.69 34.42 19.40 10.08

1Ranked by the index of multiple deprivation of residential postcode. 2 Defined as born in hospital
delivering more than 100 infants with <1500 g birthweight per year during the study period. SD:

Standard deviation.
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Table 2 Linear index coefficients of instruments in IV multinomial treatment models

Multinomial probit

Multinomial logit

Elasticities (multinomial logit)

Instrumental Birth at Birth at Birth at Birth at Birth at ICU Birth at LNU | Birth at SCU
variable LNUT Scu¥ LNU¥ scut

N=11,037 N=11,037 N=11,037 N=11,037
Minimum 0.063*** 0.075%** 0.087*** 0.076*** -1.34 0.80 0.61
travel time (0.006) (0.024) (0.009) (0.013) (-1.72,-0.97) | (0.58, 1.02) (0.06, 1.16)
(mins) to NICU
Minimum -0.064*** -0.034 -0.109*** | -0.026 0.69 -1.55 0.07
travel time (0.008) (0.021) (0.013) (0.016) (0.47,0.92) | (-1.96,-1.14) | (-0.49, 0.63)
(mins) to LNU
Minimum -0.014 -0.112 -0.003 -0.152*** 0.27 0.13 -4.14
travel time to (0.009) (0.105) (0.012) (0.017) (-0.07,0.60) | (-0.24,0.51) | (-4.95, -3.33)
SCU
Wald F test Ho: | 188*** 36*** 153*** 172%** N/A N/A N/A
all instruments
have no effect
Correlation 0.82** Not allowed N/A N/A N/A
across

equations (pi3)

T1=yes; 0=no equation. Controlled covariates: Age and age squared at birth, birthweight, birthweight squared, sex,
deprivation of residence, foetus no. N/A: Not applicable. *p< 0.10 ** p<0.05 ***p<0.01.N/A: Not applicable. *p< 0.10 **
p<0.05 ***p<0.01. Statistical inferences based on robust standard errors adjusting for clustering of observations by
hospital. Figures in parentheses are standard errors except under elasticities, which are 95% Cl.
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Table 3 Causal effects on mortality of birth in LNU & SCU relative to ICU in infants born at <32 weeks

Ho: valid over-
identifying
restriction of
minimum travel
time to NICU

Naive v Naive v
Probit Probit with Probit with logit Logit with
regression | endogenous endogenous | regression endogenous
multinomial probit | multinomial multinomial logit
treatment probit treatment
treatment -
with
exclusion
restrictions
Birth at LNU 0.004 0.012 0.013 0.006 0.012
([0,1] range) (0.007) (0.010) (0.009) (0.008) (0.010)
Birth at SCU 0.017* 0.001 -0.001 0.020* 0.003
([0,1] range) (0.010) (0.015) (0.015) (0.010) (0.017)
P12, M1 -0.04 -0.06 -0.202
P13, A2 0.07 0.12 0.391
P23 0.82* 0.20
Instrument N/A LNU equation: LNU N/A LNU equation:
strength: 191 *** equation: 171%**
Wald F test SCU equation: 200%** SCU equation:
statistic (3 34Hx* SCU 151***
degrees of equation:
freedom) 9g%***
N 11,037 11,037 11,037 11,037 11,037
Hausman test z N/A -0.63 -1.23 N/A -1.0
statistic of HO:
no endogeneity
LNU treatment
variable
Hausman test z N/A 0.77 1.32 N/A 1.1
statistic of HO:
no endogeneity
SCU treatment
variable
z statistic: no N/A 1.82* 0.59 N/A HO true by implicit
correlation assumption
between utility
equations (l1A)
Test z statistic N/A -0.42 0.26 N/A 0.59

Controlled covariates: Age and age squared at birth, birthweight, birthweight squared, sex, deprivation of residence, foetus
no. N/A: Not applicable. *p< 0.10 ** p<0.05 ***p<0.01.N/A: Not applicable. *p< 0.10 ** p<0.05 ***p<0.01. Statistical
inferences based on robust standard errors (in parentheses) adjusting for clustering of observations by hospital.
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Table 4 Robustness check: marginal effects on mortality of birth in LNU & SCU relative to ICU

Multinomial probit treatment model Multinomial logit treatment model
(a) (b) () (d) (e) (f)
Birth at LNU 0.012 0.009 0.011 0.012 0.010 0.011
(difference [0,1] range) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Birth at SCU 0.001 -0.003 0.000 0.003 -0.000 0.003
(difference [0,1] range) (0.015) (0.015) 0.015) (0.017) (0.017) (0.017)
Included Covariates?
Gestational age (GA), GA Yes Yes Yes Yes Yes Yes
squared
birthweight, Yes Yes Yes Yes Yes Yes
birthweight squared
Infant’s sex Yes Yes Yes Yes Yes Yes
Foetus number Yes Yes Yes Yes Yes Yes
Quintiles of multiple Yes No Yes Yes No Yes
deprivation index
Mode of delivery and No No Yes No No Yes
labour
Instrument strength: LNU LNU LNU LNU LNU LNU
Wald F test statistic (3 equation: equation: equation: equation: equation: equation:
degrees of freedom) 191 *** 190*** 188*** 171*** 167*** 172%**
SCU SCU SCU SCU SCuU SCU
equation: equation: equation: equation: equation: equation:

N 11,037 11,037 11,037 11,037 11,037 11,037
z statistic of HO: no -0.63 -0.38 -0.57 -1.05 -0.82 -1.01
endogeneity LNU
treatment
z statistic of HO: no 0.77 0.92 0.77 1.06 1.20 1.04
endogeneity SCU
treatment

N/A: Not applicable. *p< 0.10 ** p<0.05 ***p<0.01.N/A: Not applicable. *p< 0.10 ** p<0.05 ***p<0.01. Statistical
inferences based on robust standard errors (in parentheses) adjusting for clustering of observations by hospital.
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Figure 1.Marginal Treatment Effects on hospital reimbursement costs (in logarithms) of level 3 vs. lower
designation hospital

Parametric normal model Semiparametric model

< 0 |
' T T T T T T I T T T T T T
0 2 4 6 8 1 0 2 4 b 8 |
Unobserved resistance to deliver in hospital with NICU (V) Unobserved resistance to deliver in hospital with NICU (V)
—ME @ - ATE=-03 —ME - ATE=-09
95% norm Cl 95% norm CI

Notes: Parametric model was estimated as log linear model and a probit model for NICU vs.non-NICU birth under the
Potential outcomes framework. The x-axis depicts the unobserved resistance to treatment, V in Appendix 3, which equals
the predicted probability of treatment in the first stage choice model. Semiparametric model is the local IV estimator
(Heckman and Vytlacil 1999) as implemented by Brave and Walstrum (Brave and Walstrum 2014).
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Appendix 0 — Covariates included in the analysis.

The dataset includes common covariates in this literature (Gale et al. 2013, Cole et al. 2010,
Manktelow et al. 2013, Ge et al. 2013, Tucker et al. 2002, Lorch et al. 2012): gestational age in
weeks, gestational age in weeks squared, birth weight (kg), birth weight squared, index of multiple
deprivation (quintiles), number of foetuses (1 vs. 2+), female sex (yes vs. no), mode of delivery and
labour (spontaneous vaginal, induced vaginal, emergency caesarean with labour, emergency
caesarean without labour, elective caesarean, unknown). We also have information on the mode of
delivery to use as control for potential confounding, e.g. since we did not have data available on
fetal deaths, to avoid underestimating the health benefits of level 3 units’ ability for rapid delivering
a preterm birth who may otherwise die in utero (Jensen and Lorch 2015). Nevertheless, we also
conducted sensitivity analyses that exclude mode of delivery variables. We considered models using
birthweight by gestational age z score instead of birthweight and its squared value but since the two
specifications produced the same results we preferred the latter.

Appendix 1 - Identification of the instrumental variable estimator

We Defining ICU*, LNU*, SCU* as the corresponding latent utilities of birth at the three levels of
care:

SCU{ = O3zs¢; + 0221n; + 0121¢ci + X{Vsc + €sci (3)
LNU; = azzsc; + axzin;i + a12ici + X{Vin + €Lni

* !
ICU; = T3zgci + TaZini + T1Z1ci + XiVic + €rci

we expect 03<0, a; <0, and 11 <0, whilst the coefficients of the remaining instrumental variables are
expected to be positive or zero, e.g. longer travel times to the closest alternative care levels of LNU
and ICU are expected to increase the propensity of birth in SCU. The multinomial choice model is
estimated by defining LNU* and SCU* as differences in utility relative to the utility of NICU:

SCU; = SCUi*j IcU; = (05 — ﬂg)ZSCi + (0, — mp)zpni + (01 — 1) zici + X{ (Vsc — Vic) + €sci —
€1ci = O3zsci + 02215 + 0121c; + X{Vsc + Esci (4a),

LNU; = LNU; — ICU;{ = (a3 — m3)zsc; + (ap — M3)Zpyi + (a1 — 1) Zici + X{ (Vin — Vic) +
€LNi — €1ci = Q3Zsci + QpZpni + A1Z1ci + X{Vin + Epni (4b)

ICU; = ICU; — ICU; =0 (4c)

where the utility differences depend on the three instruments, one for travel time to the closest unit
of each type, and the Greek symbols denote the coefficients of the ICU, LNU or SCU propensity
equations, the accents denote coefficients transformed by subtracting the corresponding coefficient
in the NICU latent equation, and €;; and &g.; are the error terms in the propensity equations after
subtracting the error in the NICU latent equation. We expect the own-‘access price’ effect to be
negative (@,<0 and 85 <0), and the cross-price of access to NICU effect to be positive (@; >0 and

6, > 0). In contrast, the expected signs of &z and 8, are ambiguous a priori; if & >0, then 85 > 3
and the effect of access to SCU is larger on the utility of LNU than on the utility of ICU, and viceversa
if @; <0; the same situation applies to 0,.

21



Turning to the neonatal treatment decision criteria in the multinomial model, birth in NICU (ICU=1)
occurs when its latent utility is the highest of the three hospital levels, i.e., LNU*< ICU* and
SCU*<ICU*, which in terms of 4a and 4b implies, respectively:

€sci < — (B3zsci + 02215 + O121c; + X{Vsc) (Al.4a)
&
€rni < — (A3zsci + @azpni + A121ci + X{Vin) (Al1.4b)

otherwise, birth occurs in a lower level unit (ICU=0). Birth at LNU (LNU==1) would occur if
LNU*>ICU* and LNU*>SCU*

€ni > — (A3zsci + @pzpyi + @1Z1ci + X{V1n) (Al.4c)
&

€Lni — €sci > — {(‘73 - 93)Zsci + (5‘2 - éZ)ZLNi + (‘71 - gl)ZICi + X{ (v — Vsc)}]
(AL.4d)

otherwise birth occurs in a unit of a different level (LNU=0), whilst birth will take place at SCU
(SCU=1) if SCU*>ICU* and LNU*<SCU*,

€sci > — (O3zsci + 02218 + O121c; + X{Tsc) (Al.4e)
&

€ni —€sci < — {(&3 - éS)ZSCi + (5’2 - éZ)ZLNi + (5’1 - 51)2101' + X{ (i — Vsc)}
(A1.4f)

otherwise it will occur in a higher level unit.

Al.1 Parametric choice model specification

By assigning a probability distribution to the error terms in 4a and 4b a parametric model of demand
for levels of care may be estimated in terms of the right-hand side variables of these equations. In
the multinomial logit case, a closed form solution for the choice probabilities, its derivatives and
elasticities, exist (Train 2003, p. 61). The ‘access price’ elasticities of demand for birth at ICU (Eic),
LNU (Ewv) and SCU (Esc) are as follows:

Escr = (0 (1 — Ps¢) — @ Pry)zy
Epne = (@1 —Pry) — ék Psc)zy
Erck = —(@ Py + O Psc)zk

for k=1,2,3, with Psc, Py as the multinomial logit choice probabilities of birth at levels 1 and 2, and
the access prices (instrumental) variables defined as z; = zsc, z, = zin, Z3= zic. These are evaluated at
sample mean values of the independent variables.
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The multinomial logit model has a conveniently simple analytical likelihood function but imposes the
assumption that the ratio of choice probabilities between any pair of treatments (e.g. LNU over ICU)
is independent from the indirect utility of the third (SCU), i.e. the independence of irrelevant
alternatives (l1A) assumption. To relax this assumption, we estimate the parameters of the choice
model using the alternative of a multinomial probit distribution that allows for the indirect utility
equations 4a and 4b to be correlated. In order to formally identify this model and avoid practical
problems of identification (Keane 1992) we impose the exclusion restrictions 8, = 0,6; = 0, a3 =
0,a;, =0, m3 =0,m, =0 on egqs. 3, effectively excluding the travel time to LNU instrument from
the indirect utility equation for SCU (52 = 0in 4a) and viceversa (&3 = 0 in 4b). Notice that the
restrictions 8;=0 and a;=0 do not result in any further exclusion restrictions in our differenced
demand system of eqs. 4a-4b, or in any change in our a priory expectations on the sign of the
coefficients for the included instruments. Thus, in sensitivity analysis of the multinomial probit
model, the latent utility system 3 and the indirect utility equations 4a-4c become, respectively:

SCU; = 032z, + X{¥sc + €sci
(A1.1.3")

LNU; = A2Z1Ni + X{yin + €Lni

Icu; = m1Zici + X{Vic + €rci

SCU{ = O3z5¢c; — m1z1ci + X{ Vsc — Vic) + €sci — €ici

= 0325c; + (—m1)Z1ci + X Vsci + Esci (Al.1.4a),
LNU; = apzini — M1 Zici + X{ (Vinw — Vic) + €ni — €rci

= ayzy; + (—m)Zici + X{Vin + Epni (A1.1.4b)
ICU; =0 (A1.1.4c)

In estimating Al.1.4a-4b we impose the appropriate cross-equation restrictions on the coefficient of

Zci .
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Appendix 2 — Endogenous treatment model for each outcome

For all outcomes we estimated endogenous treatment choice models generated by a multinomial
logit distribution, we describe this model in section A2.1 below. Alternative endogenous treatment
models using the multinomial probit distribution were also estimated for all outcomes except the
number of hospital days by level of care (see section A2.2.3 below) and are described in section
A2.2.

A2.1 Endogenous multinomial logit treatment choice model

We use the control function approach for estimating Eq. 1’ proposed by Debb and Trivedi (Debb and
Trivedi 2006),

Following Deb and Trivedi (2006), under the control function approach Eq. 1 becomes
}Ii = g (,315CUL + ,BzLNUl + X{5 + AllSCi + AZZLNL') + Ui N i.e.
g_l(EYl) = ﬁISCUl + ,BZLNUL + X{(s + AllSCi + AZILNL' (A21')

after allowing for a mean zero error, i.e. Ev;=0, with g(EY) denoting the link function (logit or probit
for mortality, log for costs, and log for days in hospital) evaluated at the mathematical expectation
of Y. The terms Isc; and lini are unobserved latent utility factors for SCU and LNU (relative to ICU, see
eg. 4a & 4b and eq.5), respectively, that affect outcome; the sign of their respective coefficients, e.g.
A1>0and A; >0, would indicate that people whose unobserved characteristics make them to value
SCU and LNU more than other people with the same observed characteristics X, tend to have a
higher Y. Thus, in this model the two latent factors serve to control for the endogeneity of SCU and
LNU in Eq. 1.. Depending on the type of outcome, Eq. A2.1’ is estimated by maximising the likelihood
of observing the data, given a suitably chosen parametric distribution for v (in our case, binomial for
mortality, normal for costs and Poisson for days in hospital).

The model is complemented by the system of differenced latent equations 4a and 4b (4c becomes
redundant), which represent the (normalised) indirect utilities of SCU, LNU and NICU, respectively,
and the definitions

€ni = loni + ewni (5)

€sci = lsci + esci

The terms Iniand Isci denote the values of unobserved factors affecting the indirect utility of the two
options and the infant’s outcome Y in Eq A2.1’. The e.ni and esc are independently identically
distributed error terms that are independent from Iniand Isci and whose joint distribution implies a
probability of treatment selection given by the function h(.) of linear indices of observed covariates
and unobserved factors in 4a & 4b:

P(LNU;, SCU;\zsci, Zinis Zici Xi Lo Usci) = h(@zzsci + @azini + @ zici + X{Vin + lini O3Zsci +
02z ni + 6121ci + X{Vsc + lsci)

Thus, the likelihood of observing the sample of data is

N 1] ~ ~ ~ I~
Jiz1 (g (BiSCU; + BoLNU; + X8 + Aylse; + Aalini)) M(@szsci + @pzyn + Grzici + X{Tin +
lini, O3zsci + 02z1n; + B121¢i + X{Tsc + Lsci) k(i Isci)dlsci dlpng (A.2)

where f(.) is the family statistical distribution function and g(.) is the inverse of the link defined in eq.
1’, both of which vary depending on the outcome measure (see A.2.1.1-2.1.3), and k(.) is the
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standard normal distribution function for the values of unobserved factors confounding the
estimation of causal effects of neonatal care levels on outcomes. Estimation of model parameters
may be accomplished by maximising the (simulated) likelihood of the sample of data with multiple
values of I} yi, lsc; sampled from k using Halton sequences (Bhat 2001, Debb and Trivedi 2006). The
control function approach facilitates estimation of complex non-linear outcome models using simple
analytical expressions for the function h(.), which in our case is the multinomial logit. This is
accomplished at the expense of imposing the strong assumption that the unobserved confounders
lini» lsci enter Eg. 1’ linearly.

A2.1.1 Mortality

We estimate the model as a logit link outcome with endogenous multinomial logit treatment (Debb
and Trivedi 2006), where eq. A2.1’ is the main equation of interest with Y being the unobserved
latent propensity to die, Death*:

g_l(EDeathﬂSCUi, LNUi,Xi, lSCiJ lLNi) = ﬁlSCUl + ﬁzLNUL + X{6 + AllSCi + AZILNL'
(A.2.1.1')

where g is the logit link function and f in A.2 is the binomial distribution.

We conducted sensitivity analysis to account for unobserved heterogeneity at the level of the
hospital, using an unobserved random term h that varies across hospitals following a normal
independent distribution but is fixed within infants born in the same hospital:

g_l(EDeathfj|SCUU,LNUU,XU, lSCij' lLNij) = ﬁlSCUU + BZLNUU + Xl’]6 + /’{llSCij + AZILNij + hj
(A.2.1.2')

and 4a and 4b now have ij instead of | subscripts and error terms
€rnij = lnvij + Yinhj + epnij
€scij = lscij + Yschj+ escij
with coefficients (loading factors) ¥, y and s, to be estimated.
A2.1.2 Reimbursement costs and total length of stay

The models for reimbursement costs was estimated using a log normal link function for g(.) and a
Gaussian family distribution for f(.), where the outcome Y in eq. 1’ was the observed reimbursement
costs of the infant’s inpatient hospital stay. The same specifications applied for the analysis of total
length of hospital stay. We also conduct a sensitivity analysis of these models to account for
unobserved heterogeneity at the level of the hospital, analogously to the analysis for mortality
described in section A2.2.1.

We also estimated a heterogeneous treatment effects model to explore the patterns of self-
selection into SCU and LNU treatment according to total costs and costs savings relative to NICU. In
brief terms, this consisted in interacting the latent factors lsciand Iy with the treatment dummies
SCU; and LNU; as follows:

IMEC; = (By + Malsci + A12lini)SCU; + (By + Az1lsci + A22lini) LNU; + X{6 + Aylsei + Axlpni
(A.2.1.27)
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where In EC is the natural logarithm of expected costs and, to simplify the expression, we have
omitted the fact that the expectation is conditional on the X covariates, the treatment dummies and
the latent factors. The equation for length of hospital stay is specified in the same manner. This
analysis extends the approach of Card (Card 2001) to multiple treatments using a latent factor set-up
as proposed by Aakvik, Heckman and Vytlacil (Aakvik et al. 2005). Further details are available from
the authors upon request.

The equations A.2.1.2”, 4a, 4b and 5 are an example of a Potential Outcomes Model, where an
individual is observed to have one of three potential outcomes, depending on which treatment
option is used:

Y=Y; (1-SCU- LNU) + Y, LNU + Y1 SCU

Where the subscripts indicate the level of care (NICU=3, LNU=2 and SCU=1), and we omit the
individual subscripts to simplify notation. In the case of eq. A.2.1.2” the model takes the form

Y=Y3+ (Yz—Yg) LNU + ( Yi—Y3 )SCU =
ElnCosti = Xi’53 + SCUiXi’(51 - 53) + LNUin'/(52 - 53)

+E(e3;]ICU=1) + LNUJ{E (&5;|LNU=1) — E(&3;|ICU=1)} + SCU/{E (£1;1SCU=1) —

E(e5;|ICU=1)} (A2.1.2.2")
with

E(e3;|ICU=1) = Aysclscit Azinlini (A2.1.2.3)
LNU{E (&;|LNU=1) — E(&5;|ICU=1)} = LNU;(A21sclsci + A22nlini) (A2.1.2.4)
SCUAE (e1;1SCU=1) — E(e3;|{ICU=1)} = SCU; (Masclsci + Aaasclini) (A2.1.2.5)

Expression A2.1.2.3 is as in the model by Debb and Trivedi. Expressions A2.1.2.4 and A2.1.2.5
represent the unobserved random coefficients for the effect of the two treatments, which may be
correlated with LNU and SCU (endogenous). The six factor loadings A to be estimated from the data
are just identified from the covariation in the two (standard normal) independently distributed
heterogeneity latent utility factorsineq. 5, 1 = (I;n,lsc) ~NID(0,1) and the treatment vector d =
(1,SCU,LNU) (i.e. 2 X 3=6). (We estimate the correlated coefficients model without the treatment
by covariate interactions SCU;X;'(6; — 83) + LNU;X;'(6, — 83) in eq. A.2.1.2.2" due to the high
amount of computing time required for a model including these terms, so that differences in
potential outcomes are only due to unobserved heterogeneity terms in A2.1.2.2’).

In order to validly estimate this model, the instruments must satisfy the condition
E(&|SCU,LNU, zs¢, zin, zic ) = E(€lzsci, Zinis Zici ) = 0

, Which is stronger than condition 2 in the main text. The model is estimated by simulated maximum
likelihood (Train 2003). A Wald test for HO: A11=0, A1,=0, A;1 = 0, A2 =0 is a test of the null of
exogeneity of treatment effects (i.e. no selection by returns) and A1n =0, A2sc =0 of no selection by
severity. This model may be implemented in publicly and commercially available statistical software.
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A2.1.3 Number of hospital days spent in each level of care

We estimated the effect of neonatal unit designation on the number of days at British Association of
Perinatal and Maternity (BAPM) levels of care 1, 2 and 3 separately, which together accounted for
98% of total LOS (the ‘super spell’) in our sample. This analysis was implemented using a Poisson
endogenous treatment effect model (Debb and Trivedi 2006). The estimated model was as follows:

In E(LOS level#i|Xi) = ﬁl#SCUi + ﬁz#LNUi + Xi,(g# + Al#lSCi + AZ#ILNL'
(A.2.1.4)

where In E(LOS level#; | X) is the natural logarithm of the expected number of hospital days at the
BAPM level number # by infant i given his or her characteristics X, and other variables are as
described before; one model is estimated for each of #=1,2, 3. We present the treatment effects in
terms of incidence rate ratios, e.g. in the model for #=1, B1; and P21 are the proportional increase in
the number of days spent at BAPM1 when born at SCU and LNU, respectively, relative to NICU.
Presenting results in these relative terms allows us to show the compositional effects of place of
birth. To account for endogeneity we estimate this model using the control function approach as
implemented by Debb and Trivedi (Debb and Trivedi 2006).

A2.2 Endogenous multinomial probit treatment choice model

A2.2.1 Mortality

We estimated dichotomous regressions of individual infant mortality as a function of place of birth,
LNU, SCU or NICU (the reference option) and adjusting covariates,

Death;-* = ﬂliSCUi + ﬁZiLNUi + Xi,6 + & (A221)

where Death*; is a latent continuous variable measuring the death risk of infant i in the follow-up
period up to hospital discharge and SCU; is a binary variable equal to 1 if the neonatal unit of birth of
infant i is SCU and 0 otherwise, and LNU is likewise defined for birth in LNU. The term X6 stands for
a linear vector of adjusting covariates (plus a constant) as controls for measured confounding, with
their respective coefficients 6. The vector X includes the covariates listed above for birthweight,
gestational age, index of multiple deprivation, number of pregnancies, mode of delivery and labour.
Since Death* is not observed, but the occurrence, say D=1, or absence, D=0, of death is, the model
may be estimated by adopting an observational rule in terms of the value of the error tem ¢;:

Deathi = 1[Deathf = ﬂliSCUi + BZiLNUi + XL,6 + & > Tg]
= 1[&; > 7 — (B1;:SCU; + B2, LNU; + X;6)]

which means that an infant’s in-hospital death occurs when the latent death propensity is larger
than latent death risk threshold t.. The model may thus be estimated by assigning a cumulative
distribution function to ¢; , e.g. normal or logistic. Adopting the parametric function implicitly
imposing location and scale restrictions on parameters, e.g. in the normal model 7, = 0 and
variance of ¢ = 1.

The probit mortality outcome model with endogenous multinomial probit treatment is estimated by
maximising the likelihood of all the permutations of choices among the three possible treatments
and the two possible death outcomes (3 x 2 = 6 outcomes) (Roodman 2011). From equations A.2.2.1
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and 4a-4b rearranged as Egs. Al.4a and Al.4b, the likelihoods for mothers whose infants die and
survive after giving birth in a NICU hospital are, respectively

!

niCDTi(_Xi,5' —03Zsci — ApZini — A1Z1ci — Xi’77LN' —gszsci - éZZLNi - éIZICi — XiVsc; P12, P13
pa3 ), for i with Death=1 & LNU=0 & SCU=0

HicDTi(Xi’(S' —@32Z5¢c; — Gpzpn;i — A1Z1ci — X{Vins _§3ZSCi - ézzLNi - §1ZICi — X{Vsc; —P12, —P13»
p23), for i with Death=0 & LNU=0 & SCU=0

where @1 is the tri-variate cumulative normal distribution function with parameters for the
correlation between the unobserved error g; in the outcome equation (eq. A.2.2.1) and the error
term in each of the indirect utility equations 4a (€s¢;) and 4b (€y;) , p12 and p;3, respectively; p,3is
the correlation between the error terms of these indirect utility equations. Notice that this likelihood
is evaluated at SCU=0 and LNU=0 since it only relates to individuals born in NICU. The likelihood
functions for mothers whose infants either die or survive after giving birth in LNU and in SCU units
are similarly defined after transforming the model latent utility equations into deviations from the
equation for those mothers’ place of delivery, i.e. LNU or SCU (Train 2003). A Wald test of the null
hypothesis Ho: p1; =0 and Ho: p13 =0 provides a test of exogeneity of LNU and SCU in equation 1.
Furthermore, unlike the multinomial logit model specification of treatment choice, the multinomial
probit model allows the relative choice probabilities between any two treatments, say LNU vs. ICU to
depend on the characteristics of the third option, say SCU. We allow for a non-zero correlation
between random error terms in the indirect utilities of SCU in 4a and LNU in 4b (p,3 ).

Sensitivity analysis was conducted using the restricted demand system Al.1.4a and Al1.1.4b.
A2.2.2 Reimbursement costs and total length of stay

Since in our dataset all individuals have positive number of inpatient days, the analysis of causal
effects of level of care on length of stay and reimbursement cost of neonatal hospital used a log-
normal endogenous treatment effects model estimated jointly with a multinomial probit equation
for birth in a hospital with level 2 (LNU) or level one (SCU) unit, as a function of a set of exogenous
covariates and the travel time instrumental variable. In this case, the estimated model becomes

In COSti = ﬁliSCUi + BZiLNUi + Xi,6 + & (A222)

where InCost is the natural logarithm of reimbursement costs, and the terms on the right hand side
are as described for Eq.1 before. The observational rule in terms of the latent equation for SCU and
LNU are given by Egs. Al.4a-Al.4f, and, alternatively, by the equations corresponding to the
restricted latent demand system Al.1.4a and Al1.1.4b as in the main and sensitivity analyses of
mortality. The conditional independence condition required for the validity of the IV now becomes:

0
zig; = YN z;'(InCost; — (B1;SCU; + B LNU; + X[8)) = <O> (A2')
0
We adopted the assumption that € and e={es €n €i.} are jointly normally distributed with mean zero,
variances o2 and {1 1 1}, respectively, and covariance matrix op. This model may be estimated by
finding the coefficient values that maximise the product of the likelihood functions of the individual
cost and unit level of birth observations, following an approach analogous to that described before
for the mortality model in section A2.2.1. After transformation, the likelihood function to be
maximised is, for infants born in a NICU,
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. L re d’(ﬁ’zi"'XiIVLN) _ ¢(§’Zi+xilysc)
[li=gcu=1) ¢(In Cost; (Xi5 P120 o lazexlyin) P30 0@zt xlye) )

where ¢ is the normal density function and ® the cumulative normal distribution function, @'z =
A3Zsci + QpZpyi + @1Z1c; and 6'z= O3zgci + 0,z n; + 012)¢; , 0 is the variance of g; in eq. A2.2.2,
and p1; and pazare the correlation between ¢; and €, ; and égc;, respectively. As before, the
likelihoods of birth at LNU and of birth at SCU are defined in terms of the conditional distribution of
the random errors in the propensities of the alternative treatments, differenced relative to LNU*
and SCU¥*, respectively (Train 2009). A Wald test of the null hypothesis Ho: p12=0 and Ho: p13=0
provides a test of endogeneity of LNU and SCU in equation A2.2.2.

Due to the normal distribution used to analyse log transformed dependent variables in these
analyses of LOS and costs, we added the estimated term o2/2 as a correction to the linear indices for
obtaining marginal predictions in the original units (Duan 1994). We also estimated censored normal
models (results available from authors) to account for censoring from discharge to ward; since
results were practically unchanged we only present results of models without censoring adjustment.

The model for the total length of stay simply replaced the dependent variable in Eq. A.2.2.2 with log
of the total number of hospital days.

A2.2.3 Number of hospital days spent in each level of care

We did not estimate a multinomial probit specification for this outcome due to the complexity of
optimising a likelihood function for an outcome count and a multinomial probit distribution for a
multiple endogenous treatment. Thus we only analysed this type of outcomes using the multinomial
logit specification described in A2.1.
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Appendix 3 - Marginal Treatment Effect analysis

From inspection of the predicted probabilities (propensity scores) of individuals’ use of treatments,
SCU births had low frequencies at the upper range of propensity scores to NICU and LNU. Since this
restricted the feasible range for semiparametric analysis we therefore performed analysis of
mortality and neonatal hospital costs by comparing NICU with the LNU and SCU groups combined
into a non-NICU treatment group.

In a heterogeneous treatment effects framework an individual is observed to have one of two
possible treatments, depending on which treatment option is used:

Y= Yo (1- ICU) + Y1 ICU (A3.1)

where Y, indicates the potential outcome when born in a non-NICU hospitals and Y; the outcome if
the infant is born in a NICU, and ICU equals 1 if the infants is born in NICU and equals 0 if bornin a
non-NICU hospital (we omit the individual subscripts to simply notation). ICU follows the
observational rule

ICU =1 - ICU; — nonICU; > 0

where ICU* is the latent utility equation defined in Eq. 3, and nonICU is the latent utility of birth at a
non-NICU correspondingly defined in terms of a linear index of instruments and exogenous
variables:

nonlCU; = K3Zsci + KaZini + K1Zici + X{Vnonic + €nonici
Thus an infant is born in a NICU when
(3 — k3)Zsci + (2 — K2)Zini + (11 — k1) Zici + X{ (Vic = Vnonic) + (€1ci — €nonici)
= fisZsci + foZini + Fazici + XiVic + €ici
= figzsei + fozini + Mazici + XiVic — Vi >0 (A3.2)

To facilitate interpretation we define the unobserved error é;;; = —V;, i.e. as the negative of the
unobserved ‘resistance to use (NICU) treatment’ (Carneiro, Heckman and Vytlacil 2010). Moving V; to
the right hand side and evaluating both sides of the inequality by its cumulative distribution
function, e.g. the standard normal after normalising the variance of V to 1, the inequality is recast as

p (zi,X;) = O(fzzsc; + fazini + T1zici + XiVic) > PVY) (A3.2)

in terms of the propensity score, p(z,X), and the percentile rank of the unobserved resistance to give
birth at a NICU, ®(V). The potential outcome framework of Equation A3.5 (Rubin 2005) allows a
more general version of a parametric model of costs such as that of Eq. A2.2.2’ by allowing two
different cost equations, one for each treatment option; i.e. taking the expectation, denoted by E,
with respect to the counterpart to A.2.2.2’ in terms of Eq. A3.5 is

ElnCost; = E[(1 — ICU){X,'8, + E(g0;|ICU=0)} + ICU{X;'8; + E (e1;]1CU=1)}]

ElnCost; = X;'6y + pX;' (61 — 6¢) + E(&o;|ICU=0) + p{E (&1;|ICU=1) — E(&y;|ICU=0)}
(A.17)
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with p being the probability of NICU birth, i.e. the propensity score on the left-hand side of the
inequality in A3.2’. In this model endogeneity may occur in two different forms, one is through the
correlation of unobserved factors driving resistance to (NICU) treatment V; with the underlying
baseline severity, E (gy;|ICU=0) ; endogeneity may also occur due to unobserved factors in Vi being
correlated with unpredictable systematic deviations from average differences in expected costs
(negative returns), {E (&,;|ICU=1) — E(&y;|ICU=0)}. In the parametric log normal model with
endogenous heterogeneous treatment effects, the estimating equation for Eq. A2.2.2 adopts the
form

InCost; = X;'8y + piX;'(61 — 8o) + po0o % - @@1%%

Po0p %}

with §, = ®(7t'z; + X;¥;c). This equation simplifies to

InCost; = X;'0¢ + PXi' (81 — 80) + (Po0o — p101)P(7'z; + X[ V1) (A3.3)

The pattern of self-selection may thus be estimated by making use of the continuous instrument(s);
note that a model that ignores the heterogeneity of treatment effects would fail to distinguish
between the two types of self-selection, as it would only estimate a coefficient (9;(p101 — Po00)),
averaged across individuals i. This problem is clearly illustrated by the popular two-step estimator
using the inverse Mil’s ratio (i.e. ¢ (7t'z; + X'¥;c)/P; ) as an adjusting covariate, which is biased and,
although statistical inference on its coefficient may serve to test for self-selection on returns, it has
lower power than the heterogeneous treatment effect estimator due to the confounder pi.

The marginal treatment effect (MTE) is obtained by taking the derivative of A3.3’ with respect to the
probability of selection into treatment, i.e. the propensity score pi:

T = Xi'(81 = 80) + (podo — pr01) 36 (07 (5,))/0P,
= X;' (61 — 8¢) + (po0o — P101) ¢’(¢_1(ﬁz)) o~(p)
= X;'(61 — 80) + (o0 — p101) P (BIH(P(B)) P (B)
= X;'(81 — 8o) + (Podo — p101) @~H(P)
(A3.4)

where the first step makes use of the fact that the liner index #'z; + X{7,c = ® (), the inverse
of the cumulative normal distribution function, the second step is obtained by the chain rule, the
third step results from the exponential form of the density normal function, and the final equation
from the chain rule and definition of the inverse function ®~1'(p,) = 1/¢(CD‘1(1’0‘1)).

Coefficient estimates may be interpreted in analogous form to those of a linear probability model of
mortality, as the dependent variable, instead of costs. There will be unobservable positive, negative
and no NICU self-selection on severity of condition (or costs) if po>0, p<0, p=0, respectively; and
positive, negative or no self-selection on returns in terms of mortality risk reduction (or increased
healthcare costs) when pi- pois positive, negative or zero, respectively. For example, a positive self-
selection on severity means in this context that unobserved characteristics that make infants more
likely to be born at a NICU hospital predispose them also to worse health outcomes (i.e. higher
costs) than the average infant. A selection on returns means that unobserved characteristics that
make infants more likely to be born in a NICU also characterise those NICU births with higher
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expected additional costs to the NHS, relative to birth in a lower designation hospital. Notice that
the second term on the right hand side of Eq A3.4 is the product of a coefficient and the unobserved
individual-specific resistance to deliver at NICU at the margin (i.e. where V=p), Vi=®~1(p;) so that
the term - (01 p1- 0o Po)Vi represents additional costs among individuals with unobserved resistance
to birth at NICU of V; (Carneiro, Heckman and Vitlacyl 2010).

We also estimate MTE in a linear probability model of mortality where the observed binary Death
indicator replaced log costs as the dependent variable in Eq. A3.3 . Furthermore, we relax the
parametric assumption for the estimation of MTE on the linear models for a) reimbursement costs
and b) probability of mortality in the binary NICU vs non-NICU cases, by estimating a semi-
parametric model using the local IV estimator (Heckman and Vytlacil 1999), a two-step approach to
local polynomial regression of degree 4 which allows for non-monotonic patterns of selection with
the unobserved resistance to treatment V defined above (Brave and Walstrum 2014). This model still
requires the assumption that the resistance to treatment term V enters linearly in the treatment
equation so that its region of common support may be applied across all the possible subgroups
defined by unique combinations of covariate values X.

Briefly, the formula for the semiparametric estimator of the MTE is, in the example for
reimbursement costs (the analysis of mortality is analogous to this example, using a linear
probability of death specification)

dlnCost
op

= X'(6; — 6p) + 0K (P)/0p (A3.5)

where, the last term is a general function that is estimated using nonparametric techniques for local
derivatives. We use the estimation approach known as local instrumental variables (LIV), which
consists on first running local linear regressions of X, Xp, and InCost on p at every observed value of
P to obtain estimated residuals éx, éx;, and €p,,cost; Eincostis then regressed on €y and éy,, to obtain
an estimate of &, (61 — §p); the rest of the parameters of the MTE are estimated from a local
polynomial regression of

InCost = InCost — X'y — X' (6, — 8y)p

on the common support of p to obtain K (p,)/dp,. In a separate analysis we also estimate a flexible
parametric model by approximating the error correction term using a polynomial of degree 4.
Standard errors and 95% confidence intervals for the MTE are obtained using bootstrapping with 50
resamples, with this procedure repeated at each resample. The MTEs are estimated conditional on
the mean values of X in the sample and the standard errors do not reflect sampling variation in X
(see Brave and Walstrum 2014 for further details).
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Appendix 4 — Stata code to implement the main analyses

The following code implements the main analyses in Stata 14 using cmp command (Roodman 2014)
for the multinomial probit specification, the official Stata command gsem for the multinomial logit
model and the margte (Brave ad Walstrum 2014).

A4.1 In-hospital mortality
A4.1.1 Endogenous multinomial probit treatment (with exclusion restrictions)

local covars = “gestation_weeks Sqgestation_weeks KgBirthweight SQKGBirth fetus_number Female
quintileIMD* MDEmergCesarianNotLabour MDEmergCesarianLabour Vaginalnonspont
ElectiveSection Unknown”

constraint 1 [ _outcome_2_3]mindisttimescu=0
constraint 2 [_outcome_2_4]mindistimehdu=0
constraint 3 [ _outcome_2_3]mindisttimeicu=[_outcome_2_ 4]mindisttimeicu=0

cmp (died =i.SCU i.LNU ‘covars’) (mtreat = mindisttimeicu mindistimehdu mindisttimescu “covars’) if
Isoa_has_all_unit==1, ind(Scmp_probit Scmp_mprobit) quietly vce(cluster place_of_birth) constr(1 2
3)

test [ outcome_2_ 3 ]:mindisttimeicu mindisttimescu mindistimehdu
test [ outcome_2 4 ]:mindisttimeicu mindisttimescu mindistimehdu
margins, dydx(SCU) predict(pr equation(died)) force at(LNU==0)

margins, dydx(LNU) predict(pr equation(died)) force at(SCU==0)

A4.1.2 Endogenous multinomial logit treatment

gsem (died <- 1.LNU 1.SCU “covars’ L2 L3, family(binomial) link(logit)) (2.mtreat <- mindisttimeicu
mindistimehdu mindisttimescu “covars’ L2@1, mlogit) (3.mtreat <- mindisttimeicu mindistimehdu
mindisttimescu “covars’ L3@1, mlogit) if Isoa_has_all_unit_types_closest==1, var(L2@1 L3@1)
nocaps latent(L2 L3) vce(cluster place_of_birth) cov(L2*L3@0) startvalues(zero)

margins, dydx(SCU) expression(predict(equation(died))) force at(LNU==0)
margins, dydx(LNU) expression(predict(equation(died))) force at(SCU==0)
margins SCU, expression(predict(equation(died))) force at(LNU==0)
margins LNU, expression(predict(equation(died))) force at(SCU==0)

test [2.mtreat]:mindisttimeicu mindisttimescu mindistimehdu

test [3.mtreat]:mindisttimeicu mindisttimescu mindistimehdu

A4.2 Reimbursement costs and length of hospital stay
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Code is provided below for reimbursement costs only, length of hospital stay is implemented in the
same way for the respective outcome variable.

A4.2.1 Endogenous multinomial probit treatment (with exclusion restrictions)
constraint 1 [ _outcome_2_3]mindisttimescu=0
constraint 2 [_outcome_2_4]mindistimehdu=0

constraint 3 [ _outcome_2_ 3]mindisttimeicu=[_outcome_2_ 4]mindisttimeicu=0

cmp (ITotalHRG =i.SCU i.LNU “covars’) (mtreat = mindisttimeicu mindistimehdu mindisttimescu
‘covars’) if Isoa_has_all_unit==1, ind(Scmp_cont Scmp_mprobit) quietly vce(cluster place_of_birth)
constr(1 2 3)

test [_outcome_2 3 ]:mindisttimeicu mindisttimescu mindistimehdu
test [ outcome_2 4 ]:mindisttimeicu mindisttimescu mindistimehdu

margins SCU, expression(exp(predict(equation(ITotalHRG))+(exp([Insig_1] b[ cons])*2)/2)) force
at(LNU=0)

margins LNU, expression(exp(predict(equation(ITotalHRG))+(exp([Insig_1]_b[ cons])*2)/2)) force
at(SCuU=0)

margins, dydx(SCU) expression(exp(predict(equation(ITotalHRG))+(exp([Insig_1]_b[_cons])*2)/2))
force at(LNU==0)

margins, dydx(LNU) expression(exp(predict(equation(ITotalHRG))+(exp([Insig_1] b[ _cons])*2)/2))
force at(SCU==0)

A4.2.2 Endogenous multinomial logit treatment

gsem (ITotalHRG <- 1.LNU 1.SCU “covars’ L2 L3, family(gaussian) link(identity)) (2.mtreat <-
mindisttimeicu mindistimehdu mindisttimescu “covars’ L2@1, mlogit) (3.mtreat <- mindisttimeicu
mindistimehdu mindisttimescu “covars’ L3@1, mlogit) if Isoa_has_all_unit_types_closest==1,
var(L2@1 L3@1) nocaps latent(L2 L3) vce(cluster place_of birth) cov(L2*L3@0)

margins SCU, expression(exp(predict(equation(ITotalHRG))+_b[var(e.ITotalHRG):_cons]/2)) force
at(LNU==0)

margins LNU, expression(exp(predict(equation(ITotalHRG))+_b[var(e.ITotalHRG): _cons]/2)) force
at(SCU==0)

margins, dydx(SCU) expression(exp(predict(equation(ITotalHRG))+_b[var(e.ITotalHRG):_cons]/2))
force at(LNU==0)

margins, dydx(LNU) expression(exp(predict(equation(ITotalHRG))+_b[var(e.ITotalHRG):_cons]/2))
force at(SCU==0)

test [2.mtreat]:mindisttimeicu mindisttimescu mindistimehdu

test [3.mtreat]:mindisttimeicu mindisttimescu mindistimehdu

34



A4.3 Marginal treatment effects for binary NICU vs. non-NICU treatment comparison
A4.3.1 In-hospital mortality

margte died “covars’ if Isoa_has_all_unit==1, treatment(ICU mindisttimeicu mindisttimescu
mindistimehdu “covars’) semiparametric polynomial(4)

A4.3.2 Reimbursement costs

margte ITotalHRG “covars’ if Isoa_has_all_unit==1, treatment(ICU mindisttimeicu mindisttimescu
mindistimehdu “covars’) semiparametric polynomial(4)
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Appendix 5. Distribution of sample characteristics by travel time to SCU and LNU

Table A5.1 Sample characteristics by travel time to LNUs and SCUs (% unless stated otherwise)

Travel time to LNU

Travel time to SCU

(N=11,037) (N=11,037)
Lower Medium High Lower tertile | Medium High
tertile tertile tertile N=3,672 tertile tertile
N=3,377 N=3,696 N=3,964 N=3,475 | N=3,890

Died 8.59 8.63 8.37 8.36 8.66 8.56
Discharged home 86.40 86.52 86.80 86.79 86.35 86.60
Discharged ward 1.69 1.49 1.84 1.63 1.81 1.59
Last record: transferred 3.05 3.30 2.75 2.97 3.05 3.05
to another hospital/unit
Unknown destination 0.27 0.05 0.23 0.24 0.11 0.18
Gestational age at birth 28.44 28.48 28.45 28.38 28.44 28.53
(weeks), mean (SD) (2.35) (2.33) (2.32) (2.38) (2.32) (2.30)
Birthweight (kg), mean 1.19 1.20 1.21 1.19 1.20 1.22
(Sb) (0.38) (0.39) (0.39) (0.38) (0.38) (0.39)
Foetus 2+ 25.64 27.35 27.88 28.51 26.47 26.09
Female sex 45,54 45.21 46.47 44.88 46.59 45.86
Residence: Most 37.13 34.55 31.89 36.52 33.52 33.14
deprived quintile?
Residence: 2nd most 23.08 22.48 20.41 23.53 24.11 20.18
deprived quintile?
Residence: 3-5 least 37.78 42.96 47.70 39.95 42.36 46.68
deprived quintile3
Caesarean delivery 52.80 50.05 48.59 50.27 51.71 49.25
Spontaneous vaginal 36.19 36.15 38.02 35.21 37.35 37.89
Unknown delivery mode 3.26 4.22 0.00 5.42 2.73 0.00
Delivery at NICU 28.87 54.11 66.09 51.42 46.50 53.75
Delivery at LNU 68.61 35.06 17.20 22.19 49.01 45.68
Delivery at SCU 2.52 10.82 16.70 26.39 4.49 0.56
Delivery at high volume? 20.22 29.22 15.49 23.53 19.51 21.46

1Ranked by the index of multiple deprivation of residential postcode. 2Defined as born in hospital
delivering more than 100 infants with <1500 g birthweight per year during the study period. SD:

Standard deviation.
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Table A5.2 Sample characteristics by travel time to closest NICU, LNU, SCU in infants born in a London hospital
(% unless stated otherwise)

Travel time to ICU

Travel time to LNU

Travel time to SCU

(N=1,829) (N=1,829) (N=1,829)

Lower | Medium High Lower Medium High Lower | Medium High

tertile tertile tertile tertile tertile tertile tertile tertile tertile

N=653 N=600 N=576 N=539 N=623 N=667 N=689 N=524 N=616
Died 7.96 6.00 7.29 5.57 6.42 8.99 7.26 7.63 6.49
Discharged home 86.68 91.17 87.98 90.15 89.25 86.64 87.94 88.17 89.59
Discharged ward 2.60 1.17 1.57 0.93 1.60 2.70 2.33 1.53 1.46
Last record: 2.30 1.33 2.96 2.79 2.25 1.65 2.33 2.29 1.95
transferred to
another
hospital/unit
Unknown 0.46 0.33 0.17 0.56 0.48 0 0.14 0.38 0.49
destination
Gestational age at 28.31 28.60 28.14 28.39 28.31 28.36 28.31 28.42 28.34
birth (weeks), (2.40) (2.29) (2.34) (2.36) (2.37) (2.33) (2.32) (2.34) (2.41)
mean (SD)
Birthweight (kg), 1.17 1.19 1.13 1.19 1.14 1.17 1.17 1.16 1.17
mean (SD) (0.38) (0.37) (0.37) (0.37) (0.37) (0.39) (0.38) (0.36) (0.39)
Foetus 2+ 29.55 31.50 26.91 28.94 28.41 30.58 30.48 28.82 28.57
Female sex 44.26 44.50 47.05 47.68 43.82 44.53 43.83 47.52 44.80
Residence: Most 44.26 23.00 22.22 29.87 31.62 29.53 33.67 29.20 27.60
deprived quintile!
Residence: 2nd 35.68 35.00 27.43 35.81 34.51 28.93 27.58 34.35 37.5
most deprived
quintile?
Residence: 3-5 least | 20.06 42.00 50.35 34.32 33.87 41.53 38.75 36.45 34.90
deprived quintile3
Caesarean delivery 52.83 55.17 53.65 54.73 54.73 52.32 51.09 54.96 56.01
Spontaneous 35.22 35.17 35.24 35.62 35.15 34.93 36.43 33.78 35.06
vaginal
Unknown delivery 1.99 1.17 0.00 1.67 2.09 0.00 1.45 1.91 0
mode
Delivery at NICU 70.60 31.67 36.28 38.77 44.30 56.22 52.54 49.05 39.12
Delivery at LNU 24.96 49.67 46.87 57.70 46.71 19.34 22.21 40.08 59.74
Delivery at SCU 4.44 18.67 16.84 3.52 8.99 24.44 25.25 10.88 1.14
Delivery at high 58.50 26.17 30.73 33.77 37.24 45.28 45.28 34.35 36.36
volume?

1Ranked by the index of multiple deprivation of residential postcode. 2 Defined as born in hospital

delivering more than 100 infants with <1500 g birthweight per year during the study period. SD:
Standard deviation.
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Appendix 6 — Main results for extremely preterm births

Table A6.1 Causal effect of birth in lower level hospitals (LNU & SCU relative to ICU) on mortality in infants born

less at <28 weeks gestation

Naive

v

logit regression

Logit with endogenous
multinomial logit treatment

of minimum travel time to NICU

Birth at LNU 0.027 0.030
(0.021) (0.041)
Birth at SCU 0.064* 0.011
(0.033) (0.089)
Instrument strength: N/A LNU equation: 79***
Wald F test statistic (3 degrees of freedom) SCU equation: 90***
N 3,394 3,394
Hausman test z statistic of HO: no endogeneity LNU | N/A -0.13
treatment variable
Hausman test z statistic of HO: no endogeneity SCU | N/A 0.56
treatment variable
Test z statistic Ho: valid over-identifying restriction | N/A 0.28

Controlled covariates: Age and age squared at birth, birthweight, birthweight squared, sex, deprivation of residence, mode
of delivery, foetus no. N/A: Not applicable. *p< 0.10 ** p<0.05 ***p<0.01.N/A: Not applicable. *p< 0.10 ** p<0.05
**¥p<0.01. Statistical inferences based on robust standard errors adjusting for clustering of observations by hospital.
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Appendix 7 — Results on Marginal Treatment Effects (MTEs)

Allowing for heterogeneous treatment effects and exploiting the continuous instruments, we
analyse the causal effect of birth at level 3 relative to a lower-designation hospital, by level of
unobserved resistance to treatment (which for mothers in the margin, i.e. indifferent between
delivering in NICU vs. non-NICU, is equal to the propensity score). This analysis adopts a linear
probability model of mortality with a binary endogenous treatment instrumented by the same three
instruments as before. Naturally, the area of common support of the resistance to treatment V,
presented in Figure A7.1, shows that NICU-born infants are concentrated on the upper half of the
propensity score (i.e. the probability of birth in a hospital with NICU) ranking, whereas non-NICU
born infants are concentrated on the lower half. There is overlap in the distribution of intervention
(NICU births) and control (non-NICU) subjects by level of the propensity score across the whole
range of the probability ranking, which allows us to estimate marginal treatment effects (MTEs)
semi-parametrically for individuals ranked in their unobserved resistance to NICU from a propensity
score close to 1 (most resistant or least inclined) to near O (least resistance or most inclined to
delivering in NICU).

Figure A7.1. Frequency of propensity score by treatment status

o
o

0 A 2 .3 4 5 .6 7 .8 .9 1
Propensity Score

NICU | | non-NICU

The parametric normal model produced average treatment effects (ATE) estimates for in-hospital
mortality at the mean of the exogenous covariates of -0.005 (95% -0.020, 0.010). In terms of
selection patterns, the estimates were oopo = 0.015 (p=0.097), and 01p1 — Gopo = -.023 (p=0.054). The
ATE and MTEs for individuals with different resistances to be born at NICU are presented in Figure
A7.2, under the normal and the alternative semi-parametric model specifications. Under the
parametric normal model, while the average treatment effect is zero across all infants, those within
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the top 20% unobserved resistance to birth at a NICU have positive expected mortality risk
reductions. However, the MTEs under the flexible semi-parametric specification do not appear to
vary with the level of unobserved composite factors that discourage birth at a NICU hospital.

Figure A7.2. Marginal Treatment Effects on mortality of level 3 vs. lower designation hospital

Parametric normal model Semi-parametric modlel

‘-' -
\ rl' 7
T T T T T T T T T T T T
0 2 4 6 8 1 0 2 4 6 8 1
Unobserved resistance to deliver in hospital with NICU (V) Unobserved resiatance to deliver in hospital with NICU (V)
—ME - ATE=0 —ME @ - ATE= 01
95% norm Cl 95% norm Cl

Under the parametric normal MTE model, NICU reduced neonatal hospital reimbursement costs
relative to hospitals of lower designation by 2.9% (Average treatment effect; 95% Cl: 0.088, 0.031).
Further, non-observably severe or complex (i.e. more costly) patients appear to positively select into
NICU, oop1 = 0.071 (p=0.001) but there is no apparent selection by cost savings 01p1 — Gopo = -0.054
(p=0.17). Semi-parametric analysis reveals, however, that some of the individuals with the highest
propensity to deliver at NICU (i.e. in the 20 to 40 percentile range of the ranking) have the highest
excess costs relative to a non-NICU birthplace; see Figure 1. For other individuals there is no
evidence of NICU resulting in costs different to those of non-NICU care.
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Appendix 8 — Results on length of hospital stay and reimbursement costs for births at <32 weeks

Based on the IV multinomial logit model, the estimated total duration of the infant’s hospital stay
including hospital transfers (i.e. the ‘super spell’) of an infant born in NICU or LNU was 66 days, and
67 days if birth were to take place in a SCU. These differences were not statistically significant,
however (SCU vs NICU, p=0.72; LNU vs. NICU, p=0.76; Table A8.1). The reimbursement cost of birth in
a NICU, was £42,776 per infant, and the difference from birth at a lower level unit was imprecisely
estimated (NICU minus LNU, -£2078 [95% Cl: -5551, 1396]; NICU minus SCU, -£444 [-4690, 3802]; Table
A8.1). Hausman test statistics are consistent with the presence of treatment endogeneity.

Despite no evidence of cost differences between neonatal unit designations overall, there is
evidence of heterogeneous treatment effects of LNU relative to NICU according to the correlated
coefficients model (Table A8.1). There is negative self-selection by severity in the sense that the
more individuals value birth at LNU (relative to birth at NICU) the lower their level of costs (i.e. in
column 8, Aunu <0, p<0.01). Further, there is positive self-selection by losses, since the stronger the
preference for LNU the higher the incremental cost of birth at LNU relative to birth at a NICU
(A220n0>0).There is no apparent selection by severity or selection by returns for SCU (p>0.10 for all
the respective coefficients). Notice that since the latent utility of birth at LNU is defined relative to
the utility at birth in ICU (eq. 4a, 4b), the previous statements about the value of birth at LNU may be
equivalently phrased as positive self-selection by severity into NICU and positive self-selection by
losses into NICU. Results for LOS mirror those described for costs (and may be compared as the
estimated lambdas represent the covariance of the latent utility errors with the log costs and log LOS
and are therefore scale-free), with the exception that patients with stronger preference for SCU

have shorter inpatient hospital super spells (selection by severity; Aiscu= -0.28, p<0.05, Table A8.1,
column 4). Sensitivity analyses show that the results for reimbursement cost and LOS results in Table
A8.1 are robust to inclusion of mode of delivery covariates (available from the authors).

In the above analyses it must be kept in mind that the LOS and cost differences between neonatal
care designations is likely to reflect the effects of differences in mortality between these treatment
options. In particular if the small increase in mortality observed with SCU designation relative to
NICU in the naive analysis were to be true, the differences in LOS between the two groups would
underestimate the expected difference in LOS for infants with the same health outcomes (see Table
3). A similar consideration would apply to the analysis of costs, although in this case the effect might
have been partly offset by an increase in per diem costs due to more use of intensive care (BAPM 1)
in SCU due to the excess deaths relative to NICU (Figure 2). Therefore, these analyses of costs and
LOS, which happened to be consistent with no average treatment effect, ought to be interpreted in
the light of the corresponding estimated effects on mortality.
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Table A8.1 Marginal effects on LOS and reimbursement costs of birth in LNU & SCU relative to ICU
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LOS (log normal)

Reimbursement costs (log normal)

Naive v Correlated | Naive | IV Correlate
endogenous random endogenous d random
multinomial treatment | coefficients multinomial coefficien

treatment ts’

oLsS Multi- Multi- Multi- oLs Multi- Multi- Multi-
nomial nomial nomial nomial nomial nomial
probit logit logit probit logit logit

(1) (2) (3) (4) (5) (6) (7) (8)

Birth at LNU | -2.03 -0.50 0.64 1.79 -709 1293 2078 2044

(1.97) (2.62) (2.69) (2.54) (1249) | (1773) (1772) (1614)

Birth at SCU | -3.67 3.22 1.00 4.02 -2073 | 2102 444 2346

(2.30) (3.45) (3.24) (3.05) (1520) | (2303) (2166) (2041)

Aainu -0.07 -0.27** -0.11** -0.31***
(0.06) (0.11) (0.06) (0.12)
A22inu 0.32** 0.34**
(0.12) (0.13)
A120nU 0.02 0.05
(0.15) (0.17)
Aiscu -0.11 -0.28** -0.09 -0.16
(0.07) (0.11) (0.08) (0.26)
A21scu 0.20 0.09
(0.12) (0.23)
A11scu 0.11 0.01
(0.12) (0.25)

P12 -0.03 -0.06
P13 -0.08** -0.08**

P23 0.85** 0.85**

Instrument N/A LNU LNU LNU N/A LNU LNU LNU
strength: equation: | equation: equation: equation: | equation: | equation:
Wald F test 199%** 171 %** 171 %** 198%** 171 %** 170%**
statistic (3 SCU SCU SCU SCU SCU SCU
degrees of equation: | equation: equation: equation: | equation: | equation:
freedom) 40*** 150*** 150%** 40*** 150*** 149***

N 11,037 11,037 11,037 11,037 11,037 | 11,037 11,037 11,037
Hausman N/A -0.92 -1.09 -2.55%%2 N/A -1.61 -1.97** -2.62%**2
testz
statistic of
HO: no
endogeneity
Birth at LNU
Hausman N/A -2.34** -1.53 -2.60**2 N/A -2.16** -1.16 0.622
testz
statistic of
HO: no
endogeneity
Birth at SCU
z statistic of N/A 2.25%* Implicit Implicit N/A 2.20** Implicit Implicit
HO: no assumption | assumption assumpti | assumpti
correlation HO is true HO is true
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statistic Ho:
valid over-
identifying
restriction of
minimum
travel time
to NICU

between on HO is on HO is
utility true true
equations (l1A)

Test z N/A -0.69 -0.99 N/A N/A -1.29 1.68 N/A

Models were estimated with logarithm-transformed dependent variables; marginal effects were calculated by exponential
back transformation adjusted for conditional variance of log dependent (Duan 2012). Controlled covariates: Age and age
squared at birth, birthweight, birthweight squared, sex, deprivation of residence, foetus no. N/A: Not applicable. *p< 0.10
** p<0.05 ***p<0.01.N/A: Not applicable. *p< 0.10 ** p<0.05 ***p<0.01. Statistical inferences based on robust standard
errors adjusting for clustering of observations by hospital. 1. The model omitted the treatment indicators by covariate
interactions due to time expense required to estimate the fully heterogeneous treatment model. 2. In order to keep
comparability with other statistics in the same row, this statistic is not for testing endogeneity of treatment, but for

whether there is selection by severity: under treatment heterogeneity as in the correlated coefficients model endogeneity is

the combined results of selection on severity and selection on returns (see eq. A2.1.2.2°, and eq. A2.1.2.3-5 in section

A2.1.2).
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Appendix 9 — Results on inpatient days by level of care for VPT births

Table A9.1 Marginal effects on inpatient days by level of care in LNU & SCU relative to ICU

Naive Negative binomial regression IV Negative binomial regression with
endogenous multinomial treatment?
Total BAPM BAPM BAPM Total BAPM BAPM BAPM
length Level 1 Level 2 Level 3 length Level 1 Level 2 Level 3
of stay of stay
Birth at LNU -0.36 0.48 0.68 -1.30 -0.15 4.88%** 0.81 -1.35
(1.10) (0.80) (0.93) (0.84) (1.09) (0.84) (2.12) (0.82)
Birth at SCU -0.11 0.93 -0.12 -0.34 -0.07 0.75 1.67 0.32
(1.74) (1.00) (1.74) (1.11) (1.74) (2.23) (1.19) (1.12)
A1nu -0.01** | -0.45*** -0.09 -0.00
(0.00) (0.05) (0.07) (0.00)
Aascu -0.00 0.06 -0.10 -0.00
(0.00) (0.24) (0.07) (0.00)
Instrument LNU eq.: | LNU eq.: LNU eq.: | LNU eq.:
strength: 172%** | 169*** 172%%* | 171%**
Wald F test SCU eq.: | SCU eq.: SCU eq.: | SCU eq.:
statistic (3 150*** | 155%** 151*** | 150%**
degrees of
freedom)
N 11,037 11,037 11,037 11,037 11,037 11,037 11,037 11,037
Hausman test z -8.35*** | -1.26 0.81
statistic of HO: no
endogeneity LNU
Hausman test z 0.26 -1.42 -0.90
statistic of HO: no
endogeneity SCU
z statistic: HO: - -3.53%%* | 423%** -6.92%*** -9.65*** | 3 85%** | §,gH**
Iny=0 26.28**
(variance of over- | *
dispersion term)

Models were estimated with logarithm link function and mean dispersion. Controlled covariates: Age and age squared at
birth, birthweight, birthweight squared, sex, deprivation of residence, foetus no. N/A: Not applicable. *p< 0.10 ** p<0.05
***p<0.01. Statistical inferences based on robust standard errors adjusting for clustering of observations by hospital. For
details see section A2.1.3.

Despite no apparent differences in the length of inpatient stay across treatments, there was an
increase of 5 days of intensive care (level 1) with LNU relative to NICU. No other differences were
detected between treatments across levels of care.

The negative binomial regression specification used in the analysis extends the Poisson model by an
over-dispersion term. Statistical tests suggest that the data were inconsistent with the Poisson

45



model (Inp=0 was rejected at conventional levels of statistical significance) under both the naive and
multinomial endogenous models of inpatient hospital days for all levels of care.
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