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Abstract:

Local instrumental variable (LIV) approaches use continuous/multi-valued instrumental variables (V)
to generate consistent estimates of average treatment effects (ATEs) and Conditional Average
Treatment Effects (CATEs). However, there is little evidence on how LIV approaches perform with
different sample sizes or according to the strength of the IV (as measured by the first-stage F-statistic).
We examined the performance of an LIV approach and a two-stage least squares (2SLS) approach in

settings with different sample sizes and IV strengths, and considered the implications for practice.

Our simulation study considered three sample sizes (n = 5000, 10000, 50000), six levels of IV strength
(F-statistic = 10, 25, 50, 100, 500, 1000) under four ‘heterogeneity’ scenarios: effect homogeneity,
overt heterogeneity (over measured covariates), essential heterogeneity (over unmeasured
covariates), and overt and essential heterogeneity combined. Compared to 2SLS, the LIV approach
provided estimates for ATE and CATE with lower levels of bias and RMSE, irrespective of the sample
size or IV strength. With smaller sample sizes, both approaches required IVs with greater strength to
ensure low (<5%) levels of bias. In the presence of overt and/or essential heterogeneity, the LIV
approach reported estimates with low bias even when the sample size was smaller (n = 5000),
provided that the instrument was moderately strong (F-statistic greater than 50, for the ATE

estimand).

We considered both methods in evaluating emergency surgery across three different acute conditions
with Vs of differing strengths (F-statistic ranging from 100 to 9000), and sample sizes (100000 to

300000). We found that 2SLS did not detect significant differences in effectiveness across subgroups,



even with subgroup by treatment interactions included in the model. The LIV approach found there
were substantive differences in the effectiveness of emergency surgery according to subgroups; for

each of the three acute conditions, frail patients had worse outcomes following emergency surgery.

These findings indicate that when a continuous IV of a moderate strength is available, LIV approaches

are better suited than 2SLS to estimate policy-relevant treatment effect parameters.

Keywords: Instrumental Variables, Instrument Strength, Tendency to Operate, Emergency Surgery.

1. Introduction

The personalisation of treatment choice can be informed by comparative effectiveness research that
exploits the widespread availability of electronic health records (EHRs), but requires methods that
address confounding and heterogeneity. For conventional linear Instrumental Variable (IV) methods,
such as two-stage least squares (2SLS) to identify policy-relevant estimands such as the Average
Treatment Effect (ATE) or Conditional Average Treatment Effects (CATEs), it is required that there is
no essential heterogeneity. ! Essential heterogeneity arises when treatment effects differ over levels
of unmeasured confounders, in which case 25LS no longer identifies the ATE, even if the instrument
is strong and valid. * Essential heterogeneity, is a major concern in health care, as it is commonly the
case that there are biological correlations between risk factors, some of which remain unobserved to

the analyst.

In the presence of essential heterogeneity, Local Instrumental Variable (LIV) approaches can provide
consistent estimates of the ATE and CATEs. ? LIV methods draw on theory about individual’s choices
to identify ‘marginal treatment effects’ (MTEs) for individuals at the ‘margin of treatment choice’.>*
These MTEs are identified for individuals for whom the level of the IV is such that observed
characteristics encouraging treatment (including the 1V) and unobserved characteristics discouraging
treatment are balanced, so there is equipoise about the treatment decision. Here, a small change (or
nudge) in the level of a valid, continuous IV ‘tips the balance’ for the treatment decision for these
marginal patients, without changing the distribution of the underlying risk factors. Therefore,
comparing mean outcomes between two groups of patients only separated by a small change in the
IV, identifies MTEs for individuals who comply with the change in treatment, due to that small change
in the IV. A continuous instrument with sufficient support allows all individuals to be defined as
‘compliers’ at some level of the IV. * Hence, given observed covariates, MTEs can be estimated along

the continuum of the 1V, and aggregated to provide CATEs and ATEs. 2%°

The theoretical properties of these LIV methods in settings with essential heterogeneity have been

discussed by Heckman et al. !, Basu et al. ® and Angrist et al. inter alia. 7 However, most simulation



studies of IV methods only consider treatment effects that are homogeneous, or heterogenous
according to measured factors (overt heterogeneity) ¥2°, Studies that have considered essential
heterogeneity, have found that 2SLS provides inconsistent estimates of the ATE **!3, whereas Basu '
reports that a LIV method could provide consistent estimates of the ATE and CATE in finite samples.
LIV methods have now been applied across a multitude of settings including cardiovascular and

bariatric surgery, universal child care programs and transfers to intensive care units. **8

A major barrier to wider use of IV approaches in general is that if the instrument is only weakly
associated with treatment assignment, then IV estimators can provide very biased and imprecise
estimates. 12! Weak IVs can also amplify the bias arising due to violations of the other assumptions.
2022 \While current practice tends to rely on the first-stage F-statistic exceeding the value of 10, recent
developments in the weak identification literature for IV models have revealed the shortcomings of
an unequivocal decision rule for assessing weak identification.?*?® For LIV to provide consistent,
precise estimates of ATE or CATEs, requires a strong continuous/multi-valued IV with sufficient
support to ensure that there is a level of the IV at which each unit ‘complies’ (i.e., is selected into
treatment according to the level of the 1V). However, no study has assessed the levels of IV strength
that are required for an LIV estimator to perform well, nor how performance may differ according to

the sample size available, in settings with essential heterogeneity.

This paper addresses this gap in the literature by contrasting LIV with the commonly used 2SLS
estimator in Monte Carlo simulations, motivated by a case study which highlights typical issues
pertaining to heterogeneity, sample size and IV strength. We simulate four scenarios: two of them
under restrictive assumptions about heterogeneity (A: homogeneity; B: overt heterogeneity), one
where treatment effects are allowed to be heterogenous according to an unmeasured confounder (C:
essential heterogeneity), and one where both forms of heterogeneity are present (D: overt and

essential heterogeneity). Across all scenarios, ATE and CATE are the parameters of interest.

This paper is structured as follows. In Section 2, we outline the motivating example. In Section 3, we
define the estimands and identification assumptions for 2SLS and LIV, and present the methods for
the simulation study. In Section 4, we present the results of the simulation study and the case study.

In section 5, we discuss how this study adds to the literature and the implications for further research.

2. Motivating example: the ESORT study

The ESORT (Emergency Surgery OR noT) study evaluated the effectiveness of emergency surgery for
acute gastrointestinal conditions. The primary outcome of the study was the number of ‘days alive
and out of hospital’ (DAOH) at 90-days (see ?° for details), which encompasses mortality and total

length of hospital stay (LOS). The study exemplifies the key issues that arise when applying IV methods



to EHR data to provide policy-relevant estimates of comparative effectiveness. 273! Patients presented
as emergency admissions and were selected for either emergency surgery (ES), or alternative
interventions such as medical management or delayed surgery, according to unmeasured
characteristics such as the severity of the disease, and hence unmeasured confounding and essential

heterogeneity were major concerns.

The ESORT study followed Keele et al., 32 and developed a continuous preference-based IV for ES
receipt to evaluate the effectiveness of ES for three acute gastrointestinal conditions: acute
appendicitis, gallstone disease and abdominal wall hernia, using routine hospitalisation data from the
hospital episode statistics (HES) inpatient database in England. The IV was the hospital’s tendency to
operate (TTO), a proxy measure of the hospital’s latent preference for ES, defined as the proportion
of eligible emergency admissions in each of 174 hospitals who had ES in the year preceding each
admission. Given a relevant IV, two main assumptions need to hold: (i) conditional on the variables
included in the models, the hospital’s TTO was not correlated with the patient’s outcome except
through treatment assignment, (ii) it does not increase the probability of treatment for an individual
at some value of the IV, but decrease it for higher values. The study design had some important
features to support this assumption. First, in this emergency setting patients were unlikely to select
the hospital according to quality of care. Second, the study only included direct admissions to hospital,
so there was no scope to transfer the patient according to physician or patient choice. Third,
information was collated on a rich set of proxies for the hospital’s quality of acute care, including rates
of mortality and emergency admissions in previous years, which were included in the models as fixed
effects. Fourth, observed covariates, were balanced across all levels of the TTO, which helped support
the requisite assumption that the IV also balanced unmeasured confounders.?®3* The requisite
assumption that the IV has a monotonic effect on treatment receipt could not be formally tested on
the data. However, it was deemed plausible in this setting, as it seems unlikely that there are patients
who would receive emergency surgery when admitted to hospitals with low TTO but receive NES when

admitted into a hospital with high TTO.

The ESORT study highlighted several outstanding concerns pertaining to IV methods in general, and
LIV approach in particular. While the study reported estimates of the ATE, from the outset, there was
policy interest in estimating the CATEs, according to baseline covariates including age, number of
comorbidities, and levels of frailty. While the sample sizes for each condition, were relatively large,
they also differed across conditions, from 268,144 (appendicitis) and 240,977 (gallstone disease), to
106,432 (hernia) patients. There were also differences in the strength of the IV with F-statistics ranging
from 141 (acute appendicitis), 739 (hernia) to 9,053 (gallstone disease). Hence, the ESORT study

further motivated the interest in what strength of continuous IV was required to provide unbiased,



efficient estimates of policy relevant estimands such as CATEs in settings with essential heterogeneity,

and according to different sample sizes.

3. Methods

3.1. Instrumental variables methods
Throughout we use the Neyman-Rubin potential outcomes framework.3*** Let Y, denote the
observed outcome, D, denote the treatment received, and Z denote the instrumental variable, such
that we observe (Yp, Dz, Z) for each individual. For each patient, let Y; = u; (Xp, Xy,9) and Y, =
Uo(Xo, Xy, 9) denote the potential outcomes, where X, is the vector of observed covariates, X, is a
vector of unmeasured confounders, and 9 captures all the remaining unobserved random variables.
Throughout, we assume exogeneity of the covariates (Al), so that the treatment assignment is the

only source of endogeneity, such that (Xp, Xy) L 9 and X, L Xy

3.1.1. Identification assumptions
Angrist et al.,*® defined a series of structural assumptions for the identification of the LATE. Here,
following Abadie 3’ and Tan ¥ we make the following assumptions which are the conditional version

of the assumptions outlined by Angrist et al.®:

(A2) Unconfoundedness of Z (Ya,. D) L Z| X,
(A3) Exclusion restriction Yy, = Y4 with probability 1
(A4) Relevance 0<P(Z=2)<1,and
P(D =11X9,Z) > P(D =1|Xp)
(A5) Monotonicity If z’ > z then D,, = D, with probability 1

(A6) Stable Unit Treatment Value Assumption D=DyandY =Y,

Assumption (A2) requires that Z is as good as randomly assigned within levels of X,. Assumption (A3)
rules out the possibility that Z has a direct effect on the outcome other than through D,. Assumptions
(A2) and (A3) ensure that the only effect of the Z on the outcome is through D,. This is sometimes
called the independence assumption. Assumption (A4) ensures that Z and D, are correlated
conditional on X,. Assumption (A5) requires that an increase in Z always results in a higher or equal
level of treatment assignment. Assumption (A6) requires that one individual’s potential outcomes (Yp)
and treatments (D,) are not influenced by other individuals’ levels of Z (i.e., no interference),nor by

how the instrument or treatment is delivered (i.e., no different versions of Z or D,).

3.1.2. Estimands
Imbens and Angrist®® and Angrist et al. 3 show that, under the assumptions outlined above, the LATE
can be defined as AMTE(x,,z,z") = E[Y; — Yy|Xo = x,,D, < D,,] and is identified by the IV

estimand: 36:3°



E[Y|Xg =%, Z=2]—-E[Y|Xy = x,, Z = 2]
E[D|Xp = xo, Z = 2z'| — E[D|Xp = x,, Z = z]

Vytlacil *° and Tan 38 showed that the independence (A2 and A3) and monotonicity assumptions (A5)
of the LATE framework are equivalent to those imposed by a non-parametric selection model, where
treatment assignment depends on whether a latent index (up (Xp, Z)) crosses a particular threshold

(XUD )38,402

D, = Hup(Xo,2) = Xy}
where X;; is a random variable that captures Xy and all other factors influencing treatment
assighment but not the outcomes. As in Heckman and Vytlacil, *°* we can rewrite this equation as
D,=1{P(Xy,Z) >V}, where V = FXUD[XUD | Xo =x0,Z =z] with V L (Z,Xy,) and P(xp,z) =
FXuDIxO.Z[”D (Xo,Z)] is the propensity for treatment, and F represents a cumulative distribution

function. Therefore, for any arbitrary distribution of X, conditional on X, and Z, by definition
V~Uniform[0,1] conditional on X, and Z. Then, the MTE can be defined as, AMTE (x,,p) = E(Y; —
Yo|Xo = x0,V = v) and Heckman and Vytlacil *> showed that, under the standard IV assumptions, it

can be identified by:

0Ey(Y|Xp =x,,Z = 2)
o = Eg[(y = Yo)|Xo = X,V = V]

MTEs can be aggregated directly to obtain estimates of the ATE as shown in *. Basu ** showed that
MTEs can be used to derive personalised treatment (PeT) effects for each individual that take into
account the plausible range of values that V may take for each patient, in addition to their observed
covariates, IV and actual treatment assignment (see Section 3.1.3). 1* The rationale for this approach
is that the treatment assignment status provides some information on Xy . For patients in the
treatment group (D, = 1), the propensity to choose treatment based on X, and Z must outweigh
the propensity to choose the comparator strategy based on Xy, i.e. P(xp,z) > v. For patients in the
comparator strategy (D, = 0), the opposite is true. The PeT effect for an individual is obtained by
averaging the MTEs corresponding to that individual’s level of X, and Z over those values of
unobserved variables that are compatible with that patient’s treatment assignment. Hence,
APeT (xo,p,D) = E(Y; — Yy|Xo = x0,P(2,x9) >v) for individuals with D,=1 and
APeT (xo,p,D) = E(Y; — Y| Xo = x0, P(2,x0) < v) for individuals with D, = 0.

All of the treatment effect estimands, including ATE and CATEs, can be derived by appropriately

aggregating the PeT effects since these are defined at the individual level (see section 3.1.3.)



3.1.3. Estimation methods

Two-stage Least Squares estimator
2SLS is a common approach to the implementation of IV methods that consistently estimates the ATE
parameter under homogeneity, or the LATE parameter under essential heterogeneity given a binary
IV. Under assumptions (A1)-(A6), the 2SLS (Wald) estimator involves: (i) estimating E[D;|X,, Z] by
regressing D, on X, and Z, and (ii) estimating E[Yp|D,, X, Z] by regressing on X, and E[D4|X,, Z].
When the instrument is continuous, 2SLS reports a weighted average of LATEs, which requires careful

interpretation.*

Local Instrumental Variables estimator: estimating PeT effects
Basu *#? describe in detail the series of steps required to estimate PeT effects using the LIV
methodology. Briefly, D, is regressed on Z and X, as above, using appropriate methods for binary
outcomes and the propensity for treatment p(x,, z) is estimated. Next, Y is regressed on X, and a
function of p(xy,2z) including interactions with X,. The approach outlined in Basu involves
differentiating the outcome model g(Y) by p(xp,z). Next, PeT effects for each individual can be
obtained by performing numerical integration, with MTE (3G (Y)/dp) evaluated by replacing p using
1,000 random draws of u~unif(min(p(xy,z)), max(p(xy,z))). Then, D* = d Hp(xy,2)} +
®~1(1 — u) can be computed. PeT effects can be computed by averaging 0g(Y)/dp over values of u
for which D* > 0if D = 1; or over values of D* < 0 if D = 0. Finally, averaging PeT effects over all of
the observations provides an estimate of the ATE for the population, and over strata of X, gives the
CATE for the subpopulation of interest. Standard errors can be computed using bootstrap methods.*?
We now consider the design of the simulation study to contrast the relative performance of the LIV

and 2SLS approaches.

3.2. Simulation study
Motivated by the gaps in the extant literature, and the motivating example, this simulation study
was designed to consider the relative performance of 2SLS and LIV approaches across settings that
differed with respect to the form of heterogeneity, the sample size and the strength of the IV. We
report the performance of the methods in a Monte Carlo Simulation study according to their mean

bias (%) and Root Mean Squared Error (RMSE) for each estimand (ATE and CATE).

3.2.1. Data Generating process
We create 5,000 datasets each containing N= {5000, 10000, 50000} units, of which 50% are
assigned to the treated group. The data generating process (DGP) includes one observed (X,) and one

unmeasured (Xy) covariate. We draw X, Xy and the instrument, Z from normal distributions with



mean 0, and standard deviation 3. Three subgroups of interest are defined by whether the individuals’

values for X, are more than 0.5 standard deviations below or above its mean.

Treatment model

The treatment assignment is determined by the latent variable D*, defined as:

D* = 6D + 3X0 — 3XU + 622 + (4‘ — 62)61)
where €, has a normal distribution with mean 0 and standard deviation, 1. Treatment is then
determinedas D = 1if D* > 0 and D = 0 otherwise. The parameters §; and 8, are chosen to ensure

the IV F-statistic, Fjy, equals the desired level Frq.40c = {10, 25,50,100,500,1000} on average,

with,

2 2

o — 0
Fy= (N-df, —1) *—”"’;2 v
v

where Ufw v and J%V indicate the residual variance from regressing D on X, with or without including
the IV respectively, and df;, is the number of parameters in the model excluding the IV (i.e. df,,, = 2
here). For a given F-statistic, a larger sample size implies a lower compliance rate, which in turn will
imply a weaker instrument. At low compliance rates, the MSE of IV estimates can increase
substantially.”® We estimate the compliance rate for each sample size and F-statistic, by contrasting

treatment uptake at the 1t and 99'" percentiles of the IV.

Outcome model

The outcome models under treatments (¥;) and control (Y,) can be written as:

Yo = Bo + B1Xo + B Xy + €y,
Y: = (Bo +70) + (By +11)Xo + (B2 + 12)Xy + €y,

Implying the treatment effect is T = E(Y; —Yy) = 79 + 1, Xp + 7, Xy. Specifically we define the

outcome under control as follows:

Yo = —10-10X, + 10Xy + N(0,1)
We consider 4 scenarios for the outcome under treatment, ;. In Scenario A, effects are homogeneous
(t = 50). In Scenario B, effects are heterogeneous but depend only on observed confounders (overt
heterogeneity) (t = 40 + 20X,). In Scenario C, Xy influences both the treatment assignment and the
gains from treatment (t = 40 + 20Xy ). In this Scenario, there is essential heterogeneity but no overt
effect heterogeneity. Finally in Scenario D there is both overt and essential heterogeneity (7 = 20 +
20X, +20Xy). Table 1 displays the parameter values for each scenario. The parameter combinations

of interest consist of combinations of n = {5000,10000,50000} and Froger =



{10, 25,50,100,500,1000}. For each parameter combination for each scenario, we create 5000

datasets using the DGP described above and estimate the treatment effects as described below.

3.2.2. Implementation of methods
For the 2SLS model, we control for X, and instrument D by Z. To capture heterogeneity, we also
include an interaction between X, with D, and instrument this with interactions of Z and X,. To
obtain effect estimates, we use the recycled predictions approach, whereby the two potential
outcomes (Y, and Y;) are predicted from the second stage model after setting D = 0or D =1 and
the interaction X,*D = 0 or X,.***5 The individual level effect is then estimated as © = Y; — Y,

allowing us to calculate the ATE, and CATEs for the three subgroups (CATE;, CATE;, and CATEj3).

For the LIV approach, we first estimate the propensity for treatment conditional on Xpand Z, and in
the second stage outcome model we include X, D, the estimated propensity score (p), p*X, and p
2, We then estimate PeT effects for each individual as described in Basu *? using the pet iv command
in Stata. The estimated PeT effects are then aggregated to obtain estimates of the ATE, CATE;, CATE,,
and CATEs, Before applying either method, we remove observations at those levels of the estimated

propensity score where there is insufficient overlap. %2

4. Results

4.1. Simulation study
Figures 1-4 present mean (%) bias in the ATE and CATE estimates (Figures 1 and 2, respectively) and
the corresponding plots for RMSE (Figures 3 and 4, respectively). The results for the three subgroups

showed similar patterns, and hence, for brevity, we only report the results for one of them.

In settings with homogenous treatment effects, or with overt heterogeneity, both approaches
reported relatively low levels of bias (<5%) in the ATE estimates, apart from 2SLS, which reported
moderate levels of bias (5-10%) in settings with F-statistics below 100 or a smaller sample size (n =
5000) (Figure 1). In settings with essential heterogeneity, 2SLS reports relatively high (>10%) levels of
mean bias across practically all combinations of IV strength and sample size. The mean (%) bias is quite
variable with respect to the target F-statistic (Figure 1). Inspection of the distribution of percentage
bias across the 5,000 simulations (not shown) suggests this is due to the fact that the tails of the
distribution are fat, particularly at lower values of F. At very high (>100) levels of the target F, the
mean and median % bias are similar however this is not the case at lower levels. LIV estimator reports
low levels of bias in ATE estimates across all scenarios aside from those with both a smaller sample
size (n = 5000) and a F-statistic of 10 or 25 (Figure 1). The distribution of bias across simulation runs
(not shown) has thinner tails for the LIV method than seen for 2SLS, hence the mean bias is less volatile

here.



The bias plots for the CATE estimates have a somewhat similar pattern, although for this estimand the
2SLS estimator reports high levels of mean bias even in settings with overt heterogeneity, unless the
sample size is relatively large (n = 50000) and/or the F-statistic is above 100 (Figure 2). The LIV

estimator reports lower levels of bias than 2SLS across the majority of scenarios.

In general for both methods, across most scenarios, for a given sample size, the levels of mean (%)
bias decrease at higher levels of the F-statistic (Figure 2). The RMSE in the estimates of the ATE are
substantially lower for the LIV than the 2SLS estimator, except for those settings with an F-statistic of
500 or 1000 (Figure 3). For the CATE, in general, the RMSE estimates mirror the bias results, in that

they are substantially lower across all settings for LIV (Figure 4).

Compliance rates for a given F-statistic were sensitive to the sample size available. For a sample size
of 5000, increasing the F-statistic from 10 to 1000 increases the compliance rate from 8% to 73%,

while for a sample size of 50000, the compliance rate only increases from 3% to 29% (Table 2).

4.2. Case study

4.2.1. Case study: implementation of 2SLS and LIV approaches
LIV estimated PeT effects of ES versus NES on DAOH at 90 days, for each individual allowing for
treatment effect heterogeneity and confounding.?’3° These PeT effects were aggregated to report the
effects of ES overall, and for each pre-specified subgroup of interest. Since DAOH at 90 days was left
skewed due to the maximum being 90 days, we rescaled this to lie between 0 and 1 (90-DAOH)/90)
and effects were then rescaled back to the original scale. Probit regression models were used to
estimate the initial propensity score (first stage), while GLMs were applied to the outcome data, with
the most appropriate family and link function chosen according to RMSE, with Hosmer-Lemeshow and
Pregibon tests also used to check model fit and appropriateness. ¢4’ The logit link and binomial family
were selected for all three conditions. Models at both stages adjusted for baseline measures, time
period, and proxies for hospital quality, defined by rates of emergency readmission and mortality in

2009-10 (time constant), and in the year prior to the specific admission concerned (time-varying).

Estimates of mean differences in DAOH between the comparison groups, overall and for pre-specified
subgroups (CATEs) were reported with standard errors and confidence intervals (Cl) obtained with the
non-parametric bootstrap (300 replications), allowing for the clustering of individuals within hospitals.
The 2SLS approach used the same model specification and selection (including covariates used for

confounding adjustment) to report estimates overall and for subgroups.

4.2.2. Case study: results
The study reported somewhat similar that for both methods the 95% Cls surrounding the mean

differences included zero (Figure 5). Beneath this overall result, the LIV approach reported evidence



that the effectiveness of ES was heterogeneous according to pre-specified subgroups. In particular,
for all three conditions, ES led to lower DAOH for patients who had severe levels of frailty, and for
those with acute appendicitis, ES was less effective for older patients (aged 80-84) or those with three
of more comorbidities. By contrast, the 2SLS approach, which failed to account for unobserved
heterogeneity (e.g., disease severity), did not report any substantive differences in relative

effectiveness according to patient subgroup (Figure 5).

5. Discussion

This paper formally assessed the performance of the LIV methodology developed by Heckman and
Vytlacil #° and further extended by Basu, '* to provide policy relevant estimates of ATE and CATE in
settings that differed according to the form of heterogeneity, the sample size, and level of IV strength.
We contrasted the performance of LIV with that of the widely-used 2SLS approach. The scenarios
considered in the simulation study were directly motivated by gaps in the literature and by a
comparative effectiveness study that used LIV in evaluating emergency surgery for three acute
gastrointestinal conditions for subgroups of prime policy relevance. In the case study, overt and
essential heterogeneity were important concerns, amid differing levels of IV strength and sample
sizes, and these issues motivated the scenario of prime interest for the simulation study (Scenario D).
However, we also considered scenarios, which can, in principle provide accurate estimates of ATE and
CATEs with conventional IV methods such as 2SLS (Scenarios A and B). We compared the performance

of the two methods, according to bias and statistical efficiency (RMSE).

Four preliminary findings of the simulation study are worth emphasising. First, our results suggest that
while LIV performs better according to increasing levels of IV strength and sample size, this estimator
reports relatively low levels of bias in estimates of the ATE and CATEs across all scenarios including
those with essential heterogeneity. These findings compliment those of Basu'® in evaluating the
reliance of the estimator on the relevance condition as well as the consistency of the estimator, but

also by considering a wider range of assumptions about heterogeneity.

Second, our results suggest that 2SLS reports biased estimates of the ATE and CATEs in the presence
of essential heterogeneity, except in those cases where the instrument is very strong (F-statistic above
500). These results are consistent with previous findings that 2SLS estimates cannot generally be
extrapolated to broader populations beyond the compliers unless restrictive assumptions are made
about the heterogeneity of treatment effects. ' However, our results suggest that, even under
homogenous treatment effects, 2SLS provides biased estimates of the ATE, in scenarios where the F-
statistic is low, but the requisite magnitude of the F-statistic also depends on the sample size and the

form of heterogeneity.



This finding further emphasises the inadequacy of guidance resting solely on a ‘rule of thumb’ for a
single setting, the target F-statistic, and highlights the importance of these wider considerations when

interpreting a study’s results.

Thirdly, while 2SLS can reliably estimate CATEs in the presence of effect homogeneity or overt
heterogeneity given a sufficiently strong IV or large enough sample, in the presence of essential
heterogeneity, as theory would suggest, 2SLS can give extremely biased estimates of CATEs, and so in
settings where essential heterogeneity is anticipated, 2SLS should not be used to estimate CATEs. In
contrast, the LIV method provided estimates with low bias in the presence of overt and/or essential
heterogeneity, provided the F-statistic was greater than 50. Interestingly, for the estimates of the
CATEs, we find that as the sample size increases, an increase in the F-statistic is less beneficial in
mitigating bias and reducing RMSE, in line with the observation that a given increase in the F-statistic

has less impact on compliance rates at larger sample sizes.

Finally, LIV generally reported lower levels of RMSE than 2SLS, in particular for estimating the CATEs.
However, it is important to note that here the propensity score and outcome models underlying the
LIV method are correctly specified, and that performance may deteriorate where this is not the case.

Data adaptive approaches could prove useful where model specification is not known.

The findings from the simulation study are informative in interpreting the CATE estimates in the ESORT
study. The results offer reassurance that in such settings where essential heterogeneity would appear
inevitable, that a LIV approach can provide unbiased estimate of policy-relevant estimands such as
CATE, with sample sizes and F-statistics smaller than those of the ESORT study. Here, the LIV approach
was able to report relative effectiveness according to subgroup, and the finding that for patients with
high levels of frailty ES was not cost-effective (or cost-effective), provides important evidence to

inform policy, and contributes to shared decision-making.

This study has several strengths. First, it builds on insights and hypotheses raised by a large
observational study using EHRs from England. The ESORT study illustrates the main challenges of using
LIV methods for comparative effectiveness research and its findings in relation to IV strength, sample
size requirements directly informed the scenarios considered in the simulation study. Second, while
the uptake of LIV methods has been limited almost entirely to settings with essential heterogeneity,
the simulation study considers different forms of heterogeneity of treatment effects as well as the
scenario where treatment effects are assumed to be homogeneous in the study population. Future
work will expand the simulation study to incorporate other well-known issues of IVs methods,
including the challenges in applying IV estimation methods to non-linear outcome data. “¢*° Previous

research has shown that the power of 2SLS conveyed by conventional F-statistic values is low. %>2¢ In



this future work, we will therefore consider the implications of sample size and instrument strength

for the power of LIV analyses and confidence interval coverage. Future work will also formally assess

whether imbalances in treatment assignment rates are detrimental to consistency and power of LIV

inferences. This is an important concern for applied work using EHRs. For instance, the observed

difference in the prevalence of ES and NES in ESORT (90/10 in the cohort with appendicitis) could

reduce the power of the analysis. *°
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Tables and Figures

Table 1: Definition of the simulation scenarios

Sample size F-statistic To T1 T2
Scenario A 50 0 0
Homogeneity
Scenario B: Overt All sample sizes All F-statistic
. 40 20 0
heterogeneity (n= values (Frarget =
Scenario C: Essential {5000, 10000, {10, 25,50, 40 0 20
heterogeneity 50000}) 100,500,1000})
Scena'rlo D: Overt an'd 20 20 20
essential heterogeneity
Table 2: Compliance rate by sample size (N) and F-statistic
F-statistic N = 5000 N = 10000 N = 50000
10 8% 6% 3%
25 13% 9% 5%
50 18% 13% 6%
100 26% 20% 9%
500 56% 42% 21%
1000 73% 57% 29%




Figure 1: Bias plot for Average Treatment Effect (ATE) estimates across scenarios, with sample sizes of 5000 (left), 10000 (middle) and 50000 (right).
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Figure 2: Bias plot for Conditional Average Treatment Effect (CATE) estimates across scenarios, with sample sizes of 5000 (left), 10000 (middle) and 50000 (right).
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Figure 3: Root Mean Squared Error plots for Average Treatment Effect (ATE) estimates from 2SLS (dashed line) and LIV (solid line) across the scenarios
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Figure 4: Root Mean Squared Error plots for Conditional Average Treatment Effect (CATE) estimates from 2SLS (dashed line) and LIV (solid line) across the scenarios
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Figure 5: Mean differences in days alive and out of hospital (DAOH) between ES and NES for appendicitis (left), gallstone disease (centre) and hernia (right) subgroups

Appendicitis Gallstone disease Abdominal wall hernia

Difference in Difference in Difference in
Estimator and Subgroup means (95% CI) Estimator and Subgroup means (95% Cl) Estmator and Subgroup means (85% CI)
28LS 2sLs 25LS
Al 0.6 (0.7, 04) All 0.0(-0.1,0.0) Al 0.2(-04,0.1)
<45 0.7 (-0.9, -0.8) 45 0.1{-02,-0.7) «45 0.5(-0.8,-0.2)
4549 0.4(-0.8,-0.0) 4543 0.1(-02,0.0) 4549 0.3(-08,02)
50-54 06(-1.0,-02) 50-54 0.1(-02,-0.0) 50-54 0.5(-1.0,-0.1)
55-89 02(-0.8,0.3) 5559 0.2(03,-0.1) 55-50 0.1(-06.04)
60-64 0.3(-0.8,0.1) 6064 0.0(-0.1,02) 6064 0.4(-0.2,0.9)
6569 0.1 (-0.6,0.4) 6569 0.1(-0.3,0.0) 6569 0.5(-1.2.0.1)
70-74 0.1(-0.7,0.9) 70-74 0.0(-0.1,02) 70-74 0.0(-0.6,0.7)
7579 0.2(-07,1.1) 7579 0.1(-0.1,03) 75-79 02(-0.4,0.8)
80-84 1.5(0.3,2.7) 8084 0.0(-0.3.04) 80-84 0.0(-0.5, 0.6)
84+ 0.6(-086,1.7) 84+ 0.9(0.1, 1.6) B4+ 0.0(-0.5,0.5)
Female 0.5(-0.7, 0.3) Female 0.0(-0.1,0.0) Female 0.1(-0.5.04)
Made 0.6 (0.8, -0.5) Make 0.0(-0.1,0.1) Male 0.2 (-0.5.0.0)
Fit 0.6 (0.8, -0.5) Fe 0.1(-0.1,-0.0) Fit 0.5(-0.7,-0.2)
Mild frasity 02 (-0.6,0.1) Mild frailty 0.0(-0.1,02) Mid frailty 0.1 (-0.3, 0.5)
Moderate fraity 02(-1.6,1.2) Moderate frailty 0.1(-0.2.03) Maderate frailty 0.3(-0.3,0.9)
Severe frailty 22(-04,47) Severe fraity 0.7 (0.1, 1.4) Severe frailty 06 (-0.5, 1.6)
No comorbiditios 0.6 (0.8, 0.5) Na comarbidities 0.1(-0.1, -0.0) No comarbidities 0.3 (-0.5, -0.1)
One comorbidity 0.3(-0.7,0.0) One comorbidity 0.0(-0.1,0.1) One comarbidity 0.1(-04,0.3)
Two comarbidities 0.6(-07,1.9) Two comarbidiies 0.1(-02.04) Two comorbidities 05(-0.1,1.1)
Three ar mare comarbidities 1.7(-29,6.2) Three or more comarbidies 0.3(-0.8, 1.5) Three or more comorbidities 0.0(-1.1,1.1)
Lv LV L
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<45 0.1(-1.4,1.6) <45 0.9(0.5,1.3) 45 24(08,3.9)
4549 1.1(-3.1,08) 4548 06(-00.12) 4549 L 35(08,8.2)
50-54 20(-36,-04) 50-54 1.2 (0.6, 1.8) 50-54 - 40(12,6.8)
55-59 25(4.2,07) 5559 1.8(1.0, 26) 55-50 23(-04,4.9)
6064 24(-44,04) 6064 0.3(-0.7.13) 6064 0.7 (-3.5, 2.0)
6569 3.0(-5.2,-08) 6569 1.6(0.5,27) 6569 0.2(-3.2.28)
70-74 20(-6.2, 22) 70-74 1.0 (-0.6. 2.6) 70-74 02(-3.1,3.6)
7579 42(-8.0,-05) 7578 0.2(-24,2.0) 7579 2.7(-6.3.1.0)
80-84 —— 118 (165, -7.1) 8084 0.8(-2.0,3.8) 80-84 3.3(78.12)
84+ 0.6(-9.1,8.0) 84+ 4.3(948,1.1) B4+ 4.8(-9.8,03)
Female 1.5(-2.8,02) Female 0.8(0.1,1.4) Female 1.6(-5.2,.20)
Mae 0.1 (-1.7, 1.5) Male 02(-07.12) Male 048(-1.1, 2.6)
Fit 02(-1.6,1.2) Fe 0.9(0.5,1.4) Fit 23(04,41)
Mild frasity 24(41,07) Mild frailty 0.4 (06, 14) Mid frailty 19(-1.2,5.0)
Moderate fraity - 50(-8.7,-14) Moderate frailty 0.7(-1.7.31) Maderate frailty - 8.9(-13.1,4.7)
Severe frailty — 21.0(-27 .4, -14.6) Severe fraity 57(-113, 02 Severe frailty — 19.5(-26.6,-12.3)
No comorbiditios 0.5(-1.9,08) No comarbidities 0.7(0.1,1.2) No comarbidities 0.1(-2.2,2.0)
One comorbidity 1.4(-3.1,0.3) One comorbidity 0.3(-08, 14) One comarbidity 06(-2.9,4.0)
Two comarbidities - 3.0(-6.5,04) Two comorbidiies 0.9(-1.6,3.3) Two comorbidities 1.1(-5.8,348)
Three ar mare comartidities  —le— 12.6 (-23.8, -1.5) Three or more comarbidtes 1.3(-4.6,7.3) Three or more comorbiditios — 3.4 (-128,5.7)
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2SLS: two-stage least squares; Cl: Confidence Interval; LIV: Local Instrumental variables.
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