Estimating long-term treatment effects without
long-term outcome data

David Rhys Bernard*!, Jojo Lee?, and Victor Yaneng Wangt?

1Rethink Priorities
2Global Priorities Institute, University of Oxford

October 2, 2023

Summary

The surrogate indexr method allows policymakers to estimate long-run treatment ef-
fects before long-run outcomes are observable. We meta-analyse this approach over nine
long-run RCTs in development economics, comparing surrogate estimates to estimates
from actual long-run RCT outcomes. We introduce the M-lasso algorithm for construct-
ing the surrogate approach’s first-stage predictive model and compare its performance
with other surrogate estimation methods. Across methods, we find a negative bias
in surrogate estimates. For the M-lasso method, in particular, we investigate reasons
for this bias and quantify significant precision gains. This provides evidence that the
surrogate index method incurs a bias-variance trade-off.
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1 Introduction

The long-term effects of treatments and policies are important in many different fields. In
medicine, one may want to estimate the effect of a surgery on life expectancy; in economics,
the effect of a conditional cash transfer during childhood on adult income. One way to
measure these effects would be to run a randomised controlled trial (RCT) and then wait to
observe the long-run outcomes. However, the results would be observed too late to inform
policy decisions made today.

A prominent solution to this issue is the surrogate index, a method for estimating long-run
effects without long-run outcome data, which was originally proposed by Athey et al. (2019).
Our paper contributes to the evolving literature on this method by examining its empirical
performance in a wide range of RCT contexts. We also extend the discourse initiated by
LaLonde (1986) on the bias of non-experimental methods, extending the set of estimators
studied to those focused on long-term effects. Our findings and recommendations aim to guide
practitioners intending to use the surrogate index method, thereby aiding in the development
of effective long-term treatment strategies.

We test the surrogate approach on data from nine RCTs in development economics. These
RCTs are selected on the basis of being long-running and having a sufficiently large sample
size.

In each RCT, we first produce an unbiased estimate of the standard experimental average
treatment effect by regressing long-term outcomes on treatment status. Next, we reanalyse
the data using the surrogate index approach. If the surrogate estimate is close to the unbiased
estimate from the experimental approach, then the surrogate index method is working well.
We run meta-analyses on the difference between these estimates to understand how well the
surrogate index method performs under different conditions.

We test many different implementations of the surrogate index estimator, varying (1) the
set of surrogates used, (2) the first-stage prediction method used, and (3) the observational
dataset used to construct the surrogate index. Notably, we introduce a new estimator called
the M-lasso, which is specifically designed for use with the surrogate method.

When meta-analysing our results, we find that the surrogate index method is consistently
negatively biased and underestimates positive long-term treatment effects by 0.05 standard
deviations on average. This is the case regardless of which estimation method we use. We
suggest that this is due to missing surrogates, as well as bias in the first-stage predictive
model of the surrogate procedure.

While it is important to understand this negative bias as a potential shortcoming of the
surrogate approach, we would not necessarily take it to dissuade researchers from this method
altogether. Instead, one could interpret surrogate estimates as a reasonable lower bound on
the true long-term treatment effect. Furthermore, there is often no better alternative for
estimating the true effect.

We also study potential determinants of the surrogate bias for the M-lasso estimator. In
particular, we find suggestive evidence that M-lasso bias is smaller for simpler interventions.
However, we do not find that this bias depends on the predictive accuracy of the first-stage
model in the observational dataset. Our evidence is also inconclusive about how bias is
affected by longer time horizons between the surrogates and the outcomes.

We further show that despite the potential bias from using the surrogate index method,
it results in significant precision gains, with standard errors on average 52% the size of
those from the long-term RCT estimates. Hence, even if researchers had access to long-term
outcomes, they might still choose to use the surrogate index, depending on their willingness
to trade off bias and variance.

The rest of this paper proceeds as follows. Section 2 discusses related literature. Section



3 summarises the econometric theory behind the surrogate index approach, and section 4
describes in more detail the data we use. Section 5 explains the methods we use to estimate
comparable long-term RCT and surrogate index estimates. Section 6 presents results of the
meta-analysis over 9 RCTs for di erent implementations of the surrogate index. In it, we
empirically characterise the bias and standard errors for the surrogate method, as well as
examine which surrogates are selected by the M-lasso. Finally, section 7 concludes.

2 Related literature

Using surrogates or intermediate outcomes for long-term e ects is an approach pioneered
in medicine to deal with the di culties of long-term e ects. One can combine results on
the e ect of the treatment on the surrogate, and the relationship between the surrogate and
the long-term outcome, to estimate the e ect of the treatment on the long-term outcome.
For example, one could measure the e ect of a surgery on the size of a tumour, and the
relationship between tumour size and mortality rates, and use this to calculate the e ect of
surgery on life expectancy. To combine results in this way, we must make an assumption
often known as the Prentice criterion, namely that the treatment and the long-term outcome
are independent, conditional on the surrogate (Prentice, 1989). In the previous example, the
size of the tumour could be a surrogate for life expectancy if life expectancy is independent
of whether a patient received the surgery, conditional on the size of the tumour.

Such methodological questions are also of interest to economists, many of whom may be
interested in the long-run impacts of di erent policies (Bouguen et al., 2019). Indeed, the
use of surrogates in economics is now rapidly growing: Guzman et al. (2020), Dynarski et al.
(2021) and Otero et al. (2021) have recently applied the surrogate index method from Athey
et al. (2019) in the contexts of pro-social motivations, college admissions and a rmative
action respectively. However, one di culty is that the Prentice criterion is hard to justify in a
social science context and there are multiple ways it can be violated. Freedman et al. (1992)
show that conditional independence requires that the surrogate mediates the full e ect of the
treatment on the long-term outcome and if it does not, the surrogate is not valid. Others
have shown that if there is unobserved confounding between the surrogate and the long-term
outcome, even under full mediation, the surrogacy assumption is also invalid (VanderWeele,
2015).

Due to these issues, Athey et al. (2019) develop surrogacy methods that utilise many
surrogate variables instead of just one, as well as controlling for many potential confounders.
The idea behind their approach is that even though any individual variable may not be a valid
surrogate by itself, collectively they are more likely to fully mediate the treatment e ect and
satisfy the surrogacy assumption. They combine many short-term outcomes into a surrogate
index , which is the expected value of the long-term outcome conditional on the short-term
outcomes. They show that under the assumption that the long-term outcome is independent
of treatment conditional on the surrogate index, the average treatment e ect on the surrogate
index is the same as the average treatment e ect on the long-term outcome. Based on this
index, they develop di erent estimators for long-term e ects when the long-term outcome is
not observable. Furthermore, they also show that treatment e ect estimates on the surrogate
index, by discarding random noise variation in the long-term outcome that is orthogonal
to treatment, can be more precise than treatment e ects on the true long-term outcome.
We test these surrogacy estimators with real-world data from multiple long-run RCTs in
economics.

RCTs started to increase in popularity in development economics in the late 1990s
(Banerjee et al., 2016). Recently, researchers have started to use the exogenous variation



generated by this early wave of experiments to study the e ects of programs such as conditional
cash transfers on various long-term outcomes (e.g. adult income twenty years later). Some
further examples of long-run RCTs can be found, for instance, in Bouguen et al. (2019).

3 Theory

Athey et al. (2019) introduce the surrogate index method for estimating long-term e ects
when we do not observe the long-term outcomes of an experiment. In section 3.1, we rst
provide an intuitive explanation of how the surrogate index method works. Section 3.2 then
discusses how to construct the surrogate estimator for long-term treatment e ects.

A more formal summary of the theory behind the estimators of Athey et al. (2019) is
provided in Appendix G. McKenzie (2020) also provides an accessible introduction to the
surrogate index method.

3.1 Intuitive overview of surrogate index

This section gives an intuitive overview of the surrogate index. As a working example,
consider a randomised unconditional cash transfer to parents of children aged 8. Suppose we
are interested in the e ect of the transfer on children's high school graduation 10 years later
when the children are 18. We only observe children's outcomes two years after the transfer;
such outcomes might include school enrollment, test scores, and height.

Two samples are required for the surrogate index approach as shown in gure 1. First is
the short-run experimental sample. In this sample, we must observe individual treatment
status (T, e.g. a cash transfer), a set of short-run outcomeS,(e.g. children's enroliment,
test scores, and height at age 10), and optionally pre-treatment covariateX (e.g. parent's
education, gender, test scores at baseline). However, we do not observe the long-run outcome
that we care about (Y, e.g. children's high school graduation).

Figure 1: Data required for surrogacy approach

Note: The surrogacy approach requires an experimental dataset and an observational dataset.
Treatment status, baseline covariate, and surrogate variable information should be known for each

individual in the experimental dataset. Outcome, baseline covariate, and surrogate variables should

be known for each individual in the observational dataset.

Secondly, we need the observational sample. This is a dataset for a separate sample of
individuals, where we observe the long-run outcome that we care about plus the same set of
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short-run outcomes as in the experimental sample (and optionally the same pre-treatment
covariates). In our example, this would be a dataset where we observed whether children had
graduated high school at age 18, along with their enrollment status, test scores, and height
at age 10.

There are three stages to the surrogate index approach.

Stage 1. Use the observational sample to predict the long-run outcome as a
function of the short-run outcomes, creating a surrogate index model. The
surrogate index is the conditional expectation of the long-term outcome conditional on the
short-run outcomes (and potential pre-treatment covariates). In this example, we could use
linear regression to estimate the surrogate index in the observational sample as follows:

Graduation = + ; Enrollment + , TestScore+ 3 Height + " (1)

One could alternatively use supervised machine learning methods such as lasso or random
forest in this rst stage to estimate the predictive model.

Stage 2: Predict the surrogate index in the experimental sample using the

predictive model from stage 1. As we have the same surrogates in the experimental
and observational samples, we can deploy the model trained on the observational sample to
produce predictions of the long-run outcome in the experimental sample. This is essentially
combining the short-run outcomes into an index that is also a prediction of the long-run
outcome, which we call the surrogate index in the experimental sample. In our example, we
would create the following variable in the experimental sample:

Surrogatelndex =~ + " Enrollment + " TestScore+ "3 Height (2)

where } is the estimate of ; from the observational sample in equation (1) and so on.

Stage 3: Estimate the treatment e ect on the surrogate index in the experiment.
Now, we can estimate the treatment e ect on the surrogate index in the experimental sample.

Surrogatelndex = +  Treatment + (3)

is the estimated e ect of the treatment on the long-term outcome.
This approach requires three assumptions to work (note these are also presented more
formally and discussed further in Appendix G):

Assumption 1: Unconfoundedness. Unconfoundedness is the standard assumption that
the potential outcomes of the long-term outcome are independent of treatment, conditional
on covariates. In our example of a randomised experiment, this assumption will be true by
design. However, in cases where the experimental sample is a non-randomised study, this
assumption will have to be justi ed in the standard way. We also assume common support,
i.e. that each observation has some probability of being treated and of not being treated,
conditional on covariates.

Assumption 2: Comparability of samples. This assumption requires that the condi-
tional distributions of the long-term outcome, conditional on the short-term outcomes and
covariates, are the same in the observational and experimental samples. This assumption
IS necessary as we train a predictive model on the observational sample, but use it to make
predictions on the experimental sample. This assumption is what allows us to transfer the
model from one sample to the other.



Figure 2: Directed Acyclic Graph showing potential violations of surrogacy assumption

Notes: Treatment is represented by T, surrogates are S, the long-term outcome is Y, observed
surrogate-outcome confounders are X, and unobserved surrogate-outcome confounders are U. Dotted
lines are causal paths ruled out by the surrogacy assumption.

Assumption 3: Surrogacy. This assumption requires that the long-term outcome is
independent of the treatment, conditional on the short-run outcomes and covariates. In
our example, this would mean that the treatment had no additional explanatory power for
high school graduation once enrollment, test scores, and height at age 10 were controlled
for. Essentially, this assumption requires us to observe all of the mediating causal pathways
between the treatment and the long-term outcomes. Note that the surrogate index incorporates
multiple short-term outcomes, making it more likely that all of the causal paths between
the treatment and long-term outcome are observed. However, in our example, we may be
concerned that socio-emotional skills are not observed and these could be an important
alternative path through which later outcomes are a ected.

To illustrate the surrogacy condition further, we use the following notation: treatment
status is represented byl', surrogates areS, long-term outcomes areY, observed surrogate-
outcome confounders ar& , and unobserved surrogate-outcome confounders dje We can
then represent the surrogacy assumption with a directed acyclic graph (DAG) as in gure'2.

The surrogacy condition can be viewed as entailing two sub-requirements:

1. The eect of SonY is causally identi ed. This means that we have to control for
any observable confounderX that are correlated with both S and Y. If there are any
unobservedconfoundersU, then the surrogacy condition will fail.

2. S fully mediates the e ect of T on Y, i.e. there is no causal pathway fronT to Y that
does not go throughS. Another way to phrase this is that the surrogate variables must
“span the entire causal pathway' from treatment to long-run outcome.

1An explanation of directed acyclic graph approaches to causal inference is contained in Imbens (2020).



S is more likely to span the whole causal pathway frori to Y when we use multiple
surrogate variables, rather than just one. Even then, though, this condition is unlikely to
hold perfectly in practice. However, Athey et al. (2019) demonstrate that small violations of
the surrogacy condition only lead to small biases in the surrogate estimator of the treatment
e ect. This is analogous to the exclusion condition with instrumental variables while the
condition is unlikely to hold exactly, the overall method performs reasonably well as long as
we come close to satisfying it.

3.2 Estimator based on surrogate index

Recall that the surrogate index is the conditional expectation of the long-run outcome, given
the covariates and surrogates in the observational sample. We formally de ne this as follows:

De nition.  The surrogate index.
ho(s;X) = E[Y; ] S = s; X = x;Pj = O]

whereY;, S;, and X; are respectively the long-term outcome, surrogates, and covariates
for individual i. Finally, P; is a binary variable that equalsO if we are using data from the
observational dataset ance if we are using data from the experimental dataset.

Recall next that in the rst stage of the surrogate approach, we estimate the surrogate
index in the observational dataset aﬁo(s;x). We subsequently use this to construct an
surrogate index estimatorfor the long-term treatment e ects in the experimental dataset.
This is de ned as:

Ti
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where &(x) is an estimate of the propensity score. The propensity score is the conditional
probability of an individual in the experimental dataset being treated, conditional on their
covariates; it is formally de ned ase(x) = Pr(Ti =1 X; = x;P; = E).

Intuitively, the surrogate index estimator proceeds as follows. Firstly, it takes the surrogate
index model and ts it to the experimental dataset to predict experimental long-run outcomes
Ye = Ao(Se;Xe). In equation (4) the rst term then corresponds to taking the mean of
treated individuals' predicted long-term outcomes, while the second term is the mean for
control individuals. Note that these terms are also appropriately weighted by the probability
of treatment if this di ers according to X . Finally, we take the di erence between these two
means.

As our settings are all randomised controlled trials with a constant probability of treatment
(e(x) = p), we will work with a simpli ed version of the estimator:

(4)
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We estimate the surrogate index using several di erent methods, described in more detall
in section 5.2. We use two linear regression methods with either the single most correlated
surrogate or all surrogates. We then use two lasso methods: one that picks surrogates
that are predictive of the long-run outcome, and another that picks surrogates that are
either predictive of the long-run outcomeor predictive of the treatment. Finally, we use the
XGBoost supervised learning algorithm.



Table 1: Summary of RCTs used in analysis

Paper Intervention(s) Country Years Waves Arms
Barrera-Osorio et al. (2019) CCT Colombia 12 5 5
Du o et al. (2015) Grant & HIV course Kenya 7 3 4
De Mel et al. (2012) Cash grant Sri Lanka 5 12 3
Blattman et al. (2020) Cash grant Uganda 9 3 2
Banerjee et al. (2021) Graduation program India 7 3 2
Baranov et al. (2020) Psychotherapy Pakistan 7 3 2
Gertler et al. (2012) CCT Mexico 6 7 2
Buchmann et al. (2023) Empowerment Bangladesh 10 3 4
Hamory et al. (2021) Deworming Kenya 20 4 2

Notes: Waves is the number of post-treatment survey waves; it does not include pre-treatment
survey waves. Arms is the number of treatment arms and includes both treatment and control
group arms. CCT stands for conditional cash transfer.

4 Data

To test the surrogate estimator proposed above, we use data from nine di erent long-term
randomised controlled trials (RCTs). These RCTs were chosen on the basis of being long-
running and having a su ciently large sample size.

Table 1 summarises key information about each of these RCTs. Note that we achieve
broad coverage: there are two studies from Latin America, four from South Asia, and three
from East Africa. Furthermore, we study several di erent common development interventions,
in areas ranging from cash transfers to health and education. The long-run outcomes stretch
from 5 to 20 years after treatment.

The studies also vary in the number of arms: 4 of the 9 studies include more than one
treatment arm. A detailed description of each study can be found in Appendix A.

5 Methodology

In this section, we rst describe how we use the RCT datasets to test the surrogate index
methodology. Secondly, we describe the di erent implementations of the surrogate index
estimator that we use.

5.1 RCT data usage

We use the nine RCT datasets described above to test the surrogate index method. In the

rst step of our test, for each outcome, we estimate the ground truth treatment e ect in
the standard way by regressing the outcome on the randomised treatment indicator. For all
outcomes in all studies, we estimate the intent-to-treat e ect, even if there is non-compliance
in the study.

Next, we imitate the situation of missing long-term outcome data by removing the long-
run outcome from the experimental sample. We instead use the surrogate index method to
impute the long-term outcome and re-estimate the treatment e ect on the imputed outcome,
again estimating the intent-to-treat e ect. We describe the di erent implementations of the
surrogate index for predicting the long-term outcome in section 5.2 below.

We vary the number of surrogates we use for estimating the surrogate index. Suppose
we have an RCT with ve post-treatment waves as depicted in table 2. represents an



Table 2: Possible estimates from surrogacy

approach
Surrogates
Wave 1 2 3 4
1
2 21
Outcomes 3 31 32
4 4 42 43
5 51 52 53 54

j represents an estimated treatment ef-
fect on an outcome from wave using sur-
rogates from wavej and before

estimated treatment e ect on an outcome from wave using surrogates from wave and
before. For outcomes in the rst wave withi = 1 (the rst row), we cannot estimate a
surrogate index as there are no earlier waves with shorter-term outcomes/surrogates. In the
second wavej = 2, we can only estimate a surrogate index using outcomes from the rst
wave as surrogates, = 1. In the third wave, we can estimate two surrogate indexes. The
rst one is 3; where we just use the surrogates from the rst wave to predict outcomes in
the third wave. The second one is3, where we use surrogates from both the rst and the
second wave to predict outcomes in the third wave. In the fourth wave, we can estimate three
surrogate indexes, and in the fth wave, we can estimate four surrogate indexes.

There are several ways to construct the observational dataset used for training the surrogate
index prediction model. In the main article, we focus on what we call the same sample design.
With this design, we construct the observational dataset from the control group. Meanwhile,
the experimental dataset is constructed from both the control and treatment groups. This
ensures that the experimental dataset contains variation in the treatment status.

The same sample design aims to minimise violations of the comparability of sample
assumption by drawing the observational and experimental datasets from the same RCT
sample. This design also mimics the idea that in practice, the observational dataset is
likely to be constructed from a separate non-experimental sample where no treatment was
administered. Finally, this design is always feasible, as there is always a control group in a
randomised controlled trial. The drawback of this approach is that it might lead to over tting
of the surrogate index because the data used in the prediction and estimation stages of the
estimator is partially overlapping.

In Appendix C we describe an alternative “cross-arm' design, which can only be applied
to RCTs with multiple treatment arms.

5.2 Implementations of surrogate index estimator

We now discuss how to use the observational dataset to predict the long-term outcome,
thereby generating our surrogate index model. There are two key considerations here:

(1) Which prediction algorithm we use; and
(2) Which variables we use in that prediction algorithm.

For (1) we try ve di erent algorithms: a kitchen sink linear regression using all surrogates,
linear regression using a single surrogate, a lasso, XGBoost, and an algorithm we introduce
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called the M-lasso. These algorithms are respectively detailed in sections 5.2.1 to 5.2.5 below.

For (2), we vary the sets of variables used in two ways. Firstly, we vary whether we
only use surrogates, or else if we use surrogatesd available baseline covariates. This
lets us examine whether adding covariates helps us come closer to satisfying the surrogacy
assumption, thereby reducing the bias in the surrogate index estimator. Recall from above
that we also had ve di erent prediction algorithms. This then gives us ten types of estimators
overall: ve without covariates and ve with covariates.

Secondly, we vary the number of previous waves used to predict the long-term outcome, as
discussed in table Z. This allows us to assess how well the surrogate index method performs
over di erent time horizons.

Once we have our predicted long-term outcomes (the surrogate index), we regress these
on the treatment variable to obtain a surrogate estimate of the treatment e ect. We also
normalise all treatment e ect estimates by dividing them by the standard deviation of the
true long-term outcome in the control group. This converts everything into comparable e ect
sizes. As such, most of our gures do not come with units.

5.2.1 Kitchen sink linear regression

For the most basic approach, we include all surrogates in a kitchen-sink style linear regression
to predict the long-term outcome. We do this both with only the surrogates (equation 6)
and with the surrogates and the baseline covariates (equation 7).

YiO: Sio'l'"i (6)
YO= SP+ X P+ (7)

5.2.2 Single surrogate linear regression

The next approach we follow uses only a single surrogate instead of all available surrogates in
equations 6 and 7. We select this single surrogate by rst correlating all available surrogates
with the long-term outcome of interest. Then, we choose the surrogate with the highest
absolute correlation. This is likely to give us the single most important surrogate. By
comparing this approach with the kitchen sink approach, we can assess how much surrogate
estimate bias comes from missing surrogates as opposed to missing surrogate-outcome
confounders.

These rst two approaches always produce predictions of the long-term outcorsgen
if the surrogates are not predictive of the long-run outcome. By contrast, the approaches
that follow utilise machine learning to select variables. As such, they might not select any
surrogates if no surrogates are su ciently predictive, meaning the surrogate estimate will be
missing. This essentially means that only surrogate estimates above a certain "quality’ are
produced. We argue that this generates a set of results that are more relevant to practitioners,
as practitioners are unlikely to choose surrogates that are uncorrelated with their long-term
outcome of interest.

5.2.3 Lasso

We now use lasso, a simple machine learning approach that adds variable selection and
regularisation to the standard least squares regressi(m:;[o improve predictionqccuracy. Whereas

regular OLS solves the unconstrained problenmin iN=1 (i o X! )? ,lasso instead
0,
solves the constrained problem:

2That is, we estimate all surrogate index estimates from »; to 54 in table 2.
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X ) X

min (Yi o X )? subjectto j jj
i=1 j=1

This constraint on the sum of the absolute value of the regression coe cients shrinks the
size of coe cients, forcing some of them to zero to avoid over tting (Tibshirani, 1996). We
further use the rigorous lasso introduced in Belloni et al. (2014) and implemented in the
hdm R package (Chernozhukov et al., 2016). This method uses a data-driven approach for
choosing the penalty level for the hyper-parameter. In particular, it sets:

-2 1 =2p);
ere is the cumulative standard normal distribution,” is a preliminary estimate of
= E"2, and cis a theoretical constant set toc = 0:5. Finally, is the probability level of
mistakenly not removing X's when all of them have zero coe cients; this is set to = 0:1
(Chernozhukov et al., 2016).

5.2.4 M-lasso

Next, we introduce the mediation lasso(M-lasso), a lasso-based algorithm for selecting
surrogates and covariates with similarities to the post double selection lasso of Belloni et al.
(2014). This algorithm is a new contribution of this paper. Unlike the other prediction
algorithms we test, it is speci cally designed with the surrogate method in mind. In particular,
it selects surrogates and covariates in a way that attempts to satisfy the surrogacy assumption
as closely as possible.

The steps of the algorithm are as follows:

1. Using the observational dataset, run lasso of on S

2. Using the experimental dataset, run lasso &f on S

w

Take the union of the surrogates with non-zero coe cients from 1 and 2. Call this
union S.

Using the observational dataset, run lasso &f on X
Using the experimental dataset, run lasso af on X

For each surrogate irfS, run lasso of that surrogate ornX

N oo g A

Take the union of the covariates with non-zero coe cients from 4, 5, and 6. Call this
union X.

8. Run post-OLS ofY = S+ X + " to estimate the surrogate index

For the implementation of the M-lasso without baseline covariates, we simply skip steps
4-7 and run a post-OLS ofY = S+ ".

This approach aims to improve on the standard lasso approach in two ways. Firstly, by
choosing surrogates that are predictive of treatment as well as the long-term outcome, we
give ourselves a second chance at selecting mediators that lie on the causal path between
treatment and the long-term outcome. This is analogous to how the post double selection
lasso selects covariates that are predictive of either the treatment or the outcome.

Secondly, we now choose covariates that are predictive of the surrogates and long-term
outcome, not just those that are predictive of the long-term outcome as in the standard lasso.
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Recall from the causal graph in gure 2 that for the surrogacy assumption to be valid, we
need to observe the confounders between the surrogates and the long-term outcome. By
taking this approach, again similar to the post double selection lasso, we give ourselves two
chances to select these potential confounders.

If the experiment is completely randomised, then in step 5 we should not nd any covariates
that are predictive of the randomised treatment. However, in cases where the assignment
probability is di erent in di erent strata, this may select useful covariates.

525 XGBoost

XGBoost (eXtreme Gradient Boosting) is a supervised learning prediction algorithm based

on boosted trees. This algorithm is known to perform well in supervised learning prediction

competitions, so we include it to test if it also works well in causal inference questions. This

algorithm uses boosting: it iteratively trains an ensemble of decision trees, with each iteration

training a model to predict the residuals of the previous iteration's model. The nal prediction

is a weighted average of all the di erent trees' predictions. This process of boosting means
that performance tends to improve in areas where previous iterations performed poorly.

We implement the XGBoost algorithm using the R package xgboost (Chen and Guestrin,
2016), using default parameters as far as possible. The one exception which has no default is
the maximum number of boosting iterations (nrounds). To determine the optimal value of
this parameter, we run a ve-fold cross-validation where the maximum number of iterations
is 1000, stopping once the performance does not improve for ve consecutive rounds.

6 Results

We now present the results of our meta-analysis. In section 6.1 we summarise our meta-
analysis on the average bias of each surrogate estimator. In subsequent sections we then
focus on the performance of the M-lasso estimator, this method being a new contribution
of our paper. We study the bias of the M-lasso estimator in sections 6.2 and 6.3. Section
6.4 further analyses the standard error of the M-lasso estimator. Finally, section 6.5 studies
which surrogates were selected by the M-lasso procedure.

Further analysis on all estimators is available in Appendix B.

6.1 Overview of meta-analysis

Here we present our meta-analysis for the average bias of each surrogate estimator. We
notate this bias as ; for causal e ecti, and de ne it as follows:
;= S , (8)

where ; is the true long-term treatment e ect, and 3' is the limit of the surrogate
estimator of this treatment e ect.

However, in practice, we can only access feasible sample estimates of these objects. Thus,
notating estimates with hats, we need to work with:

A NSl ARCT (9)

where "S' is the surrogate estimate of the long-term treatment e ect. Furthermore, RCT
Is an unbiased estimate of this treatment e ect, which we compute using actual observed
long-term outcomes from the RCT study. Finally, note that”; is now the estimated bias of

the surrogate estimator.
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The meta-analysis allows us to deal with two issues. Firstly, the estimates we are working
with have noise in them. To accommodate this, the meta-analysis lets us put more weight on
more precise estimates. A second issue is that we have multiple estimates per study which
are likely correlated with each other. This correlation can be incorporated into the way we
set up the meta-analysis model.

The meta-analysis is structured as a study-level random-e ects model:

Aij = 5+ (10)

i =t & (11)

=t & (12)

" is the estimate of the true bias ; for outcomei in study j. ; is the average bias in

study j and is the overall average bias&; is the within-study heterogeneity and&s); is
the across-study heterogeneity. By substituting we can reduce the model to:

N &yt &y (13)

We estimate this model with robust standard errors clustered at the study level. Results
are contained in table 3. Interpreting this table, mean bias is the estimated average bias
of the surrogate index approach, , from equation (13). SE are the standard errors on this
mean. SD is the square root of the sum of the within and between variatioW,ar(&; ) and
V ar(&s)j) respectively. RMSE is the square root of the mean-squared error of the estimator.
This analysis is done on the set of outcome-surrogate-treatment combinations for which all
estimators selected at least one surrogate variable and produced a treatment e ect estimate
(n=743).

Note also that from here on out, when we refer to absolute (or mean) bias with no further
quali cations, we are referring to by default.

There are three main results to highlight from table 3. First, we compute the pre-

ictive accuracy of each estimator by using the root mean squared erroRMSE =
Mean biag + Variance Against this metric, Lasso with baseline covariates performs
best (RMSE = 0.101), followed very closely by M-lasso with no covariates (RMSE = 0.102).

A second main result from table 3 is the mean bias is always negative for all estimators.
It is also often statistically signi cantly di erent from 0 at a 95% level of con dence, with the
only exceptions being the "Lasso’ method of the surrogate index estimator. An average value
of -0.057, when normalised by dividing by the standard deviation of the outcome variable in
the control group, means that the surrogate index tends to underestimate the treatment e ect
from the long-term RCT by 5.7% of a standard deviation. The mean treatment e ect from
the RCTs in these contexts is 10.5% of a standard deviation. So, on average, the surrogate
index estimator produces estimates that are little more than half of the true long-run e ect.
Although this is a large relative di erence, 5.7% of a standard deviation is a only small
absolute di erence in most cases. However, this is just thmean bias. Given that the bias
distribution has a standard deviation of roughly 0.13, some biases will be more negative and
economically signi cant, while others will be O or positive. In section 6.2.2, we explore cases
where the bias is large and negative and explain why this may occur.

The third main result is that for each estimator, the versionwithout baseline covariates
almost always performs better than the version with baseline covariates included. The
mean bias, standard deviation, and RMSE are lower for almost every estimator in panel A
relative to the same estimator in panel B. The only exception is the XGB estimator, whose
standard deviation and RMSE are lower when baseline covariates are included. Regardless,
the general result of the surrogate index method performing better when covariates are

13



Table 3: Meta-analysis of bias of di erent estimators

(1) 2 & @&

Estimator Mean bias SE SD RMSE
Panel A: No baseline covariates

Single surrogate -0.059*  0.030 0.093 0.110
Linear regression -0.049 0.025 0.093 0.105
Lasso -0.051 0.028 0.090 0.104
M-lasso -0.050* 0.025 0.089 0.102
XGB -0.057* 0.028 0.100 0.115
Panel B: With baseline covariates

Single surrogate -0.069* 0.028 0.114 0.134
Linear regression -0.064* 0.025 0.114 0.131
Lasso -0.054 0.028 0.085 0.101
M-lasso -0.064* 0.025 0.110 0.127
XGB -0.060* 0.028 0.095 0.113

Mean bias is the estimated average bias of the surrogate index approach,
, from equation (13). SE are the standard errors on this mean. SD is
the square root of the sum of the within and between variation,V ar(&;; )
(equation (11)) and V ar(&g);) (equation (12)) respectively. RMSE is the
square root of the square of the mean bias plus the square of SD. An asterisk
represents that the mean bias statistically signi cantly di erent from zero
at a 95% level of con dence. This analysis is done on the set of outcome-
surrogate-treatment combinations for which all estimators selected at least
one surrogate and produced a treatment e ect estimate (n=743). Across
estimators, the mean bias is around -0.059, though this estimate is not
always statistically signi cantly di erent from zero. For reference, the mean
RCT treatment e ect is 0.105 with standard error 0.049.
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omitted is somewhat surprising. After all, according to the theory, we would expect the
surrogacy approach to be violated by surrogate-outcome confounding. We explore this nding
in further detail in section 6.2.3 and propose a potential explanation as to why it occurs.

In the rest of this section, we will focus on the M-lasso estimator as our representative
example of the surrogate index method. We will therefore use the termslasso estimates
and surrogate index estimatesnterchangeably, unless otherwise speci ed. For completeness,
however, the main graphs are replicated for all types of surrogate estimators in appendix B.

We focus on the M-lasso estimator because it is the only estimator speci cally designed
with the surrogate estimation procedure in mind, as well as being a new contribution that
warrants further study. We speci cally examine why there is bias even in the "best-performing’
version of the M-lasso in our meta-analysis, that is, the M-lasswithout covariates. Our
discussion therefore will relate to this form of the M-lasso from here on out, unless otherwise
speci ed.

Based on the RMSEs in table 3, we can see that the M-lasso without covariates performs
best across the estimators that exclude baseline covariates. However, the M-lasso with
covariates does not stand out as much compared to other estimators that include baseline
covariates.

6.2 Bias

In this section, we will explore the estimates underlying the meta-analysis in table 3.

Section 6.2.1 details the existence of bias in our surrogate estimators, while section 6.2.2
provides some potential explanations for this bias.

Section 6.2.3 then returns to the surprising result that covariate omission leads to smaller
surrogate bias in our data. We propose a potential explanation: covariate omission may have
generated a positive bias, cancelling out the negative bias from missing surrogates. This at
least holds in our observed data, but we do not make strong claims about its generalisability.

6.2.1 Raw bias distribution

To begin, we look at the distribution of the raw estimated biase§S' "RCT in gure 3. These
estimates include sampling error, so the observed variance of the estimated bias distribution
will be greater than the true variance of the bias distribution.

In gure 3, we can see that the bias distribution is centred slightly to the left of O and
there is more mass on the negative, left-hand side of the distribution. There is a long tail in
the negative part of the distribution. This indicates that the surrogate method is negatively
biased.

We also show the same information in gure 4 by plotting the raw estimates from the
M-lasso method against the raw RCT estimates that the M-lasso is trying to replicate. This
is done separately for each dataset.

In gure 4, the blue line of best t would ideally be on the black 45-degree line, as this
would indicate that the surrogate index estimates were the same in expectation as the RCT
estimates. However, in practice, we see that the line of best t is never close to the 45-degree
line. In 8 out of 9 studies, the line of best t is still upwards-sloping, but shallower than the
45-degree line and attenuated towards zero. This suggests that the surrogate index estimates
are themselves attenuated towards zero. To illustrate, note that the average slope of the
lines is 0.3. This means that if we had a true positive treatment e ect of (say) 0.3 standard
deviations, in expectation the surrogate index estimates would be 0.09 standard deviations.

However, there could be an alternative explanation for why the line of best t is attenuated.
In particular, the slope of the line of best tis the estimated OLS coe cient” from a regression
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Figure 3: Distribution of bias in raw surrogate index estimates (M-lasso method)

Note: Across nine RCT contexts, the bias distribution is centred slightly to the left of 0. There is
more mass and a long tail in the negative, left-hand side of the distribution. This indicates that the
surrogate method is negatively biased.

of "S' = + "RCT 41 vyet "RCT js only an estimate of the true RET | and thus has random
measurement error. Therefore, the OLS estimat® exhibits attenuation bias relative to the
true .® This might instead be responsible for our observed attenuation.

To rule out this possibility, in gure 5, we plot the raw estimated bias of the surrogate
estimator against the raw RCT estimate of the treatment e ect. In this graph, the line of best
t would ideally lie on the horizontal black line, indicating zero bias on average. Furthermore,
if attenuation bias were just stemming from measurement error ihRCT | the slope of the line
of best t should be attenuated towards 0 in gure 5. This would bring the line of best t
closer to the ideal horizontal line, making the surrogacy approach look better than it fs.

In practice, however, the line of best tis typically far from horizontal in gure 5. Instead,
it is much closer to a downwards-sloping 45-degree line. Hence, gure 5 means we can be
con dent that our observed attenuation is not purely an artifact of measurement error. Note
that the observed line of best t implies that the more positive the RCT e ect, the more
negative the bias in the surrogate estimate. This also matches the observed negative mean
bias in the meta-analysis.

6.2.2 Why underestimates?

Why does the surrogate index approach tend to underestimate the true e ect? One explanation
is that we are missing surrogates, i.e. we are missing some causal pathways from treatment
to long-term outcome, violating the surrogacy assumption. To further explain why the bias

3We also know that "S' is an estimate of S' and so also has measurement error. However, measurement
error in the LHS dependent variable only reduces the precision of the estimated coe cient; it does not
similarly lead to attenuation bias.

4The opposite was previously true in gure 4, where attenuation bias pushed the line of best t closer to
horizontal and further away from the ideal 45-degree line.

5The meta-analysis also deals with the issue of noise in the estimates; it does so by giving more weight to
more precise estimates.
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Figure 4: Normalised surrogate index raw estimates (M-lasso method) against normalised
RCT raw estimates

Note: This graph plots surrogate estimates of the treatment e ect (y-axis) against their corresponding
RCT estimates (x-axis). Each RCT estimate is associated with multiple surrogate estimates because
varying numbers of waves of surrogates were used for each treatment-outcome pair, as represented in
table 2. The black line is the 45-degree line and the blue line is the line of best t. All graphs share

the same x and y-axis labels.
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Figure 5: Normalised raw surrogate bias (M-lasso method) against normalised raw RCT
treatment e ect estimates

Note: The blue lines are the lines of best t for surrogate bias against RCT treatment e ect estimate
across nine RCT contexts. The slope of this line is far from zero, indicating bias is not zero on
average. The best tis much closer to the 45-degree line, indicating increasing negative bias as RCT

e ects become more positive. Note that each RCT estimate is associated with multiple surrogate
index biases because varying numbers of waves of surrogates were used to create surrogate index
estimates, as represented in table 2. All graphs share the same x and y-axis labels.
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would be negative rather than positive, it must be the case that the signs of the missing
causal pathways are positively correlated with the signs of the observed causal pathways.

Take the deworming study from Hamory et al. (2021) as an example. Suppose we had
an observable surrogate, education, and an unobservable surrogate, socio-emotional skills.
Further, suppose that we expect the observed e ect of deworming on income via education to
be positive, and we also expect the unobserved e ect via socio-emotional skills to be positive.
If so, then by omitting the unobserved surrogate (socio-emotional skills), we only observe
part of the total e ect on the long-term outcome.

However, we further suggest that surrogate estimates could be negatively biassen if
all surrogates are observed, due to additional bias in the rst-stage predictive model.

To illustrate, for each of the nine RCTs, we consider the least-biased uses of the surrogate
index estimator using the M-lasso method. In gure 6, for continuous variables, we plot the
predicted value of these outcomes against the true outcomes. For binary variables, we plot
the prediction for the probability of the outcome against the true outcome. The gure shows
that the predictions are attenuated towards the mean for both the treatment and control
groups.
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Figure 6: Predicted vs true long-run outcomes

Note: Each point on this graph plots an individual's true long-term outcome (x-axis), plus the corresponding predicted outcome from the rst stage of the
surrogate index approach (y-axis). R2 is theR? from a regression of the predicted outcome on the true outcome, andlis the coe cient on the true
outcome in this regression. The black line is the 45-degree line; for points on this line, the true and predicted outcomes would be the same.



In particular, note that if the predictions were perfect, the lines of best t for the treatment
and control group would lie on the 45-degree line. However, we see that the slope of the
line of best t lies between 0.025 and 0.283 across the 9 outcomes under consideration, with
a mean slope of 0.115. We interpret this to mean that on average, the predicted values or
probabilities for the outcomes are approximately 12% of what they would be if the estimator
was unbiased. The prediction algorithm fails to give unbiased predictions for the tails of the
outcome distribution, instead pulling its predictions towards the mean. Note that this also
reduces the variance in the predicted outcomes; the algorithm will trade o bias and variance
in this way to minimise MSE loss.

Figure 7 helps illuminate why this predictive bias leads to a negative bias in the treatment
e ect estimation. To start with, observe the treatment and control group distributions of the
true outcomes in gure 7. We can see that in each case, the true treatment group distribution
is shifted to the right of the control group distribution. In particular, take the dotted blue
line, the mean of the treatment group distribution. In the true outcomes, this is always to
the right of the dotted red line, the mean of the control group distribution. This makes sense
as we expect the treatment to result in better outcomes for the treatment group.

However, predicted outcomes for treated individuals are pulled to the center of the overall
distribution. Contrast the means of the predicted outcomes of the treatment and control
groups. The predicted control outcomes tend to have a similar mean to the true control
outcomes (represented by red dotted lines). However, the predicteédatment group outcome
means are smaller than in the true outcome histograms (represented by a blue dotted
line), often pulled towards the mean outcome of the joint (treatmentind control) sample.
Sometimes, it is even pulled completely to the left of the mean predicted outcome of the
control group. This negative bias in predicted treatment outcomes then leads to a negative
bias in the overall treatment e ect estimate.

We expect the negative bias in these gures to be something of an optimistic indication
of just how biased the M-lasso method can be. This is partially because we selected the least
biased versions of the method, suggesting that every other choice of outcome variable in
each RCT context will yield even greater bias. Moreover, in these examples, we used the
control group data to train the prediction algorithm. As such, the mean of the predicted
control group outcome is the same as the mean of the true control group outcome. Had we
instead used another independent data source to train the prediction algorithm, we would
also expect the control group predictions to be pulled to the center of the overall distribution.
This would raise the mean predicted outcome for the control group, further increasing the
negative bias of the surrogate index approach.

6.2.3 With or without baseline covariates?

We now explore the third main result from the meta-analysis in table 3, which is that the
versions of the estimators without baseline covariates systematically do better than those
with covariates. To re-examine this, we run a meta-analysis on the M-lasso mean biases and
absolute biases, summarised in table 4. Here, the absolute bias is de ned &  "RCTj.
With the absolute bias, positive and negative biases do not cancel out, so this gives di erent
information to the mean bias.

The meta-analysis in table 4 is computed for estimators both with and without covariates.
We also include an indicator for whether the biases come from a version of the M-lasso
estimates with covariates included. This is incorporated as a moderator in the meta-analysis.

To start with, we replicate the mean bias of the M-lasso from table 3. As before, including
covariates makes the bias more negative: the coe cient on the indicator for covariate inclusion
(-0.015) is negative and statistically signi cant. This result holds whether we include study
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Figure 7: Examples of predicted vs true distributions for long-run outcomes

Note: For each of the nine RCT contexts, the true treatment e ect appears more positive than the
predicted treatment e ect. Though it is harder to see in the cases with binary outcome variables,
the distributions of predicted outcomes for both the control and treatment groups are closer to the
centre of the joint distribution. As such, the predicted treatment e ects are smaller than the true
treatment e ects. We speculate that these trends occur because predicting outcomes closer to the
mean reduces prediction error on average. All graphs have density for their y-axis.
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Table 4: Meta-analysis of bias with and without baseline covari-

ates
1) (2) (3) (4)
Absolute Absolute
Bias Bias Bias Bias
Intercept -0.050* 0.081*
standard error (0.025) (0.023)

Covariates included -0.015* -0.015*  0.020 0.020
standard error (0.007) (0.007) (0.021) (0.021)

Study FEs No Yes No Yes

Our meta-analysis suggests that including covariates weakly in-
creases the amount of bias we observe. The asterisks represent
statistical signi cance at the 5% level. The relationships between
biases and including covariates are not a ected by the inclusion
or exclusion of study xed e ects in the meta analysis.

xed e ects or not.

Next, we meta-analyse the absolute bias. We nd that, on average, when covariates are
included, the absolute bias is 0.02 higher, a 25% increase. However, this di erence is not
statistically signi cant, with or without study xed e ects.

All in all, our results suggest that across our RCTs, deliberately omitting the observable
baseline covariates tends to add positive bias to the surrogate estimates. Since these surrogate
estimates are negatively biased on average, this has the e ect of cancelling out some of that
negative bias. Positive bias from covariate omission also seems intuitively plausible. As
an illustrative example, consider the setting from Barrera-Osorio et al. (2019), an RCT on
conditional cash transfers that we included in our meta-analysis. Here our long-term outcome
was tertiary enrollment, a surrogate was high school enrollment, and a (observable) baseline
covariate was household wealth.

Now, consider two possible regressions:

tertiary _enrollment = ;+ ; high_school enroliment + ",
tertiary _enrollment = ,+ , high_school enrollment + household_wealth + ",

The former regression deliberately omits the covariate relating to household wealth.
However, we expect household wealth to be positively correlated with both high school
enrollment and tertiary enrollment. Therefore, we expect, to have positive omitted variable
bias, such that ;> ».

As such, if we used ; rather than , to make our predictions of the long-term outcome,
we would overestimate the relationship between our surrogate and our long-term outcome.
This would lead to positive omitted variable bias in the surrogate estimate of the long-
term treatment e ect. In turn, this could cancel out some existing negative surrogate bias,
decreasing the magnitude of the overall surrogate bias.

Note that we cannot say for sure whether this nding of a positive omitted variable bias
would generalise to:

1. Unobservedcovariates in our studies, which we are forced to omit across all speci cations.
By de nition, we have no information on unobserved covariates, so we cannot identify
the extent of the bias by omitting them.

23



2. Other studies that we did not cover in this meta-analysis.

This is essentially a question of external validity. However, the generalisability of our
nding might be improved by the fact that our meta-analysis covered a wide variety of
di erent RCTs.

As such, suppose we expected there to be some existing negative bias in our surrogate
estimates - due to missing surrogates, or bias in the rst-stage predictive model. One could
then deliberately leave out covariates when estimating the surrogate index, hoping to induce
a positive bias that partially cancels out the existing negative bias. However, this approach
of relying on two biases of opposite directions to cancel out is likely to be fragile in practice.
We do not recommend it.

6.3 Determinants of bias

Next, we look at what in uences the size of the surrogate bias. In particular, sections 6.3.1
to 6.3.3 below consider the following factors respectively:

1. The time horizon between the surrogates and the long-term outcome;

2. The strength of the correlation between the surrogate index and the true long-term
outcome;

3. The complexity of the intervention.

6.3.1 Time horizon

In this section we study ana priori key determinant of the bias: the time in years that
elapses between the surrogates and the long-term outcome. The more time there is between
the surrogates and the long-term outcome, the less likely the surrogates are to cover the key
causal pathways between the treatment and the outcome, and the worse the prediction of
the long-term outcome is likely to be. As such, our prior is that an increasing time horizon
between the surrogates and the long-term outcome leads to a larger violation of the surrogacy
assumption, hence larger surrogate bias.

For this analysis, we take advantage of the fact that we have many post-treatment waves,
as shown in table 2. We look at the nal wave of outcomes from each RCT study and use
every possible cumulative combination of waves to derive our sets of surrogates (i.e. we
compute all the estimates from row 5 in table 2: 51, 5, 53, and s4). This lets us examine
the relationship between time horizon and bias. Table 5 presents the results.

In the table, Horizon, included as a moderator, represents the gap in years between the
nal outcome and the latest surrogates used in that estimation. Experiment FEs are xed
e ects for each combination of treatment and outcome variables, for each implementation
of the surrogate index method. Including these xed e ects allows us to better isolate the
relationship between time horizon and bias. Both mean bias and absolute mean bias are
reported, though we focus on interpreting the absolute mean bias.

We nd that the coe cients on Horizon in table 5 are positive but not statistically
signi cant at the 5% level. This evidence is therefore somewhat inconclusive and does not
strongly support our prior. Further graphs of this relationship are available in appendix E.

Interpretation of this result is made somewhat more di cult by the selection of studies in
which we have long-run results available. Typically, long-run follow-ups are run if researchers
nd signi cant short-run e ects which are also expected to persist over time. However, such
characteristics would also make it easier to predict long-term outcomes using short-term data.
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Table 5: Meta-analysis of bias and time horizon

(1) (2) (3) (4)
Absolute Absolute

Bias Bias Bias Bias
Intercept 0.016 0.010
standard error (0.020) (0.022)

Horizon (Years) -0.008 -0.008 0.009 0.006
standard error (0.005) (0.006) (0.005) (0.005)

Experiment FEs No Yes No Yes

This meta-analysis studies the surrogate index method's bias
for treatment e ect estimates on the longest-run outcomes
of nine RCTs. Absolute bias seems to increase as the years
between the observation of the latest surrogate variable and
the nal outcomes. Experimental xed e ects, which capture
the xed e ects for each combination of treatment and out-
come variables in each implementation of the surrogate index
method, appear to have no e ect. However, no estimates are
statistically signi cant at the 5% level.

If these kinds of studies are over-represented in our meta-analysis, we may be overstating the
e ectiveness of the rst-stage predictive model. In turn, this would lead us to understate the
extent to which larger time horizons increase surrogate bias for the typical RCT.

6.3.2 First-stage prediction accuracy

Next, we examine the relationship between the predictive accuracy of the rst-stage prediction
model and bias in the nal surrogate estimate of the treatment e ect.

To measure rst-stage predictive accuracy, we compute the correlation between the
predicted and true long-run outcomes in the observational sample. We henceforth refer to
this as the observational correlation

Next, we compute the correlation between both types of bias. We nd that observational
correlations vary widely in our sample, with a minimum of 0.016 and a maximum of 0.92.
The mean and median correlations are both around 0.45. The interquartile range is 0.27 to
0.62.

In table 6, we then meta-analyse the relationship between this rst-stage observational
correlation and bias in the nal surrogate estimator. Overall, we nd that all of the coe cients
on the rst-stage correlation are small and insigni cant. This holds whether we look at the
mean or absolute surrogate bias and whether we include study xed e ects. This suggests
that the predictive accuracy of the rst stage does not matter much for the usefulness of the
surrogate index method for estimating long-term e ects.

To understand this result, recall that the key focus of the rst stage of the surrogate
method is to capture variation in the long-term outcome that is in uenced by treatment.
That is, the correlation between the predicted and actual outcomes in the observational
sample is only bene cial to the extent that it re ects causal pathways from treatment to
outcome. If the rst-stage predictive model selects only variables that are orthogonal to
treatment, then we would expect the rst stage correlation to be high but the second-stage
accuracy to be low. The performance of the surrogate index approach ultimately depends on
whether it can capture the causal pathways from treatment to outcome, and this cannot be
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Table 6: Meta-analysis of bias and rst stage predictive

accuracy
1) (2) (3) (4)
Absolute Absolute
Bias Bias Bias Bias
Intercept -0.058 0.071*
standard error (0.035) (0.031)
Correlation 0.023 -0.006 0.027 -0.003
standard error (0.064) (0.013) (0.038) (0.015)
Study FEs No Yes No Yes

Notes: The relationship between rst stage predictive accuracy
and bias is small and statistically insigni cant at the 5% level,
regardless whether study xed e ects are accounted for. First
stage predictive accuracy is measured by the correlation, in
the observational sample, between the true long-term outcome
and the surrogate index's prediction of the long-term outcome.
An asterisk represents statistical signi cance at 5%.

assessed with a simple correlation.

6.3.3 Intervention complexity

We now look at whether the complexity of an intervention a ects the bias of the surrogate
index approach. Simple interventions are de ned as those that have one component that
is the same for all participants. Complex interventions are those that either have multiple
components, or components that are not standard across individuals. We test one plausible
prior, which is that simple interventions have fewer causal pathways from treatment to long-run
outcome® As such, the surrogate index approach should be able to capture a larger fraction
of the causal pathways and therefore perform better. By contrast, complex interventions are
likely to have many causal pathways, more of which are likely to be unobserved, resulting
in worse performance. However, this may be o set to some extent by the fact that RCTs
with more complex treatments may collect a wider variety of outcomes to capture the more
complex e ects. Furthermore, as complexity only varies at the intervention level, we only
have 16 e ective data points here. Hence, our analysis is likely to be underpowered.

Following the above de nitions, we classify the 16 treatments from the 9 di erent RCTs
as simple or complex. These are enumerated in table 7. We then meta-analyse the surrogate
biases in table 8, including complexity as a moderator.

In column (3) of table 8, we nd that simple interventions have an average absolute bias
of 0.059, whereas the average absolute bias of complex interventions is 0.048 higher, totalling
0.107. Meanwhile, in column (1) of the table, simple interventions have a smaller-magnitude
average mean bias of -0.016, and adding complexity increases the magnitude of the bias to
-0.093. However, none of these di erences in bias are statistically signi cant, likely due to the
limited number of distinct interventions in the analysis sample.

SWe think this prior is a reasonable starting point for most cases, though we also acknowledge that there
could be exceptions to this. For instance, cash transfers are a relatively simple intervention, but they might
operate through many channels.

"Either with or without the free uniform grant.

8Either with or without the nancial incentive.
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Table 7: Treatments categorised by simple or complex

Simple interventions

Unconditional cash transfers from Cash Sri Lanka and Cash Uganda
Conditional cash transfer from CCT Mexico

Basic conditional cash transfer from CCT Colombia

Free uniform grant from Education Kenya

Financial incentive to delay marriage from Empowerment Bangladesh
Deworming pills from Deworming Kenya

Complex interventions

Savings and incentive conditional cash transfers from CCT Colombia
HIV education program from Education Kenyd

Graduation program from Graduation India

Cognitive behavioural psychotherapy from Therapy Pakistan
Empowerment program from Empowerment Banglade$h

Table 8:
Meta-analysis of bias and intervention complexity

(1) (2) 3) (4)
Absolute Absolute

Bias Bias Bias Bias
Intercept -0.016 0.059*
(0.011) (0.017)

Complex  -0.077 0.007 0.048  -0.003
(0.042) (0.008) (0.042)  (0.015)

Study FEs No Yes No Yes

Notes: The relationship between bias and intervention
complexity is small and statistically insigni cant at
the 5% level, regardless of whether study xed e ects
are accounted for. Complex interventions are those
that either have multiple components, or components
that are not standard across individuals. An asterisk
represents statistical signi cance at 5%.
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We also see that when we include study xed e ects, our coe cients drop to approximately
0. In this case, the identifying variation comes from Empowerment Bangladesh and Education
Kenya, the only studies with at least one simple and one complex intervention. These
preliminary ndings point to more complex studies having larger biases, but the limited
sample size of interventions warrants further investigation with a broader range of studies
and interventions.

6.4 Standard errors

In this section, we test whether the surrogate estimates in our meta-analysis have greater
accuracy than long-run RCT estimates. The intuition here is as follows. If the surrogacy
assumption is true, then the observed surrogates explain all the variation in the long-term
outcome caused by the randomised treatment. However, the long-term outcome also contains
variation from other sources. This random noise is irrelevant for estimating the treatment
e ect and merely reduces precision.

The rst stage of the surrogate estimator then predicts the long-term outcome using the
surrogates. This isolates variation in the outcome that is related to the surrogates, discarding
any further random noise. As such, the variance of the predicted long-term outcome is less
than the variance of the true long-term outcome (c.f. gure 7). In turn, this would make the
surrogate index estimate more precise than the long-term RCT estimate.

Of course, if the surrogacy assumption is not valid, then we risk introducing some bias by
incorrectly assuming it to be true. In this case, the surrogates would only predigart of the
variation in the long-term outcome caused by the treatment. Some further relevant variation
would be discarded, along with the random noise.

In gure 8, we plot the standard error from the long-term RCT against the standard error
from the M-Lasso surrogate index approach. Almost all points lie below the black 45-degree
line, implying that the surrogate index standard errors are typically lower than the RCT
standard errors. Indeed, across all outcomes, the surrogate index standard error is on average
52% of the RCT standard error. This suggests that there are substantial precision gains to
be made from using the surrogate index approach in cases when the surrogacy assumption
is satis ed. Such precision gains could motivate a researcher to use the surrogate approach
even if they already have access to long-term outcomes.

However, in practice, the surrogacy assumption is rarely satis ed exactly. If so, using
the surrogacy approach introduces a negative bias. This means that the researcher faces a
bias-variance trade-o : they could improve their precision by using a predicted long-term
outcome instead of the true long-term outcome, but this will also generate some bias. Whether
this is desirable depends on the researcher's exact loss function. For instance, this might
be acceptable if the researcher is minimising an MSE criterion. On the other hand, this is
less likely to be acceptable in settings where the focus is on obtaining unbiased estimates of
treatment e ects.

Note that the case for the surrogate approach could also be strengthened if the researcher
is happy to subsequently "debias' their surrogate index estimates - that is, to subtract the
empirically estimated mean bias of the surrogate index estimator (-0.05). However, this is
only feasible if the researcher is willing to make an exchangeability assumption between their
study and the studies in this analysis.

6.5 Surrogates selected by M-lasso

This section describes the characteristics of surrogates the M-lasso method picks for the
primary long-term outcome of each study, for each treatment. We combine these ndings
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Figure 8: Normalised surrogate index standard errors (M-lasso method) against normalised
RCT standard errors

Notes: Each point plots the standard error of an RCT treatment e ect estimate (x-axis) and a
corresponding standard error of a surrogate index treatment e ect estimate (y-axis). Each RCT
standard error is associated with multiple surrogate index standard errors because we use varying
numbers of waves of surrogates in each surrogate index estimator, as represented in table 2. The
black line is the 45-degree line. Surrogate index standard errors are systemically smaller than RCT
standard errors.

29



with the previous results to guide practitioners interested in implementing these methods.
The primary outcomes are selected from either the pre-analysis plan of each long-run RCT or
the abstract of the associated paper. In most cases, the primary outcome is a welfare measure
such as income, consumption, or pro t. However, for CCT Colombia it is whether students
enrolled in tertiary education; for Education Kenya, it is the number of grades completed;
and for Therapy Pakistan it is depression severity.

The full table of primary outcomes, treatments, and selected surrogates for each study
appears in appendix F.

Several patterns emerge in the selected surrogates. In some cases, the selected surrogates
are mechanically related to the primary outcome. This pattern is particularly evident in the
CCT Colombia study, where the long-term outcome of interest is tertiary enrollment 12 years
after treatment. The surrogates selected include enrollment in high school and taking the
high school exit exam, both of which are necessary prerequisites for tertiary enrollment in
many educational systems. This suggests that in cases where there are clear steps from one
outcome to the next, it is useful to select surrogates that appear earlier in the process.

Another recurring pattern is to select a lagged version of the primary outcome as a
surrogate. One example of this is the Cash Uganda study, where the income index at the
4-year mark is used as a surrogate for the primary outcome of the income index at 9 years.
Using lagged versions of the primary outcome as a surrogate also allows us to incorporate
information about the trajectory of the primary outcome, which could increase the precision
and accuracy of the surrogate index. This strategy is likely to be especially e ective when the
treatment's impact is expected to persist or evolve in consistently over the relevant period.

In studies with multiple treatments, the selected surrogates tend to be consistent across
di erent treatments. This is evident in the four studies with multiple treatments (CCT
Colombia, Cash Sri Lanka, Education Kenya, and Empowerment Bangladesh) where there is
signi cant overlap in the surrogates selected for each treatment. The consistency of surrogate
selection across treatments suggests that these short-term indicators are broadly relevant to
the long-term outcomes of interest, regardless of the speci c treatment administered. This
suggests that these surrogates may be generalisable to other contexts and treatments.

Finally, missing data indicators are often selected as surrogates too. We follow the
standard practice of replacing missing values with a constant and creating a dummy variable
to indicate missingness. We do this to avoid losing observations due to missingness in one
surrogate, but the selection of these missingness indicators suggests that missing information
can itself be informative about the primary outcome.

7 Conclusion

Our ndings suggest that while the surrogate index is a powerful tool for estimating long-term
treatment e ects, it is not without shortcomings. Analysing data from nine long-term RCTSs,

we found that the surrogate index approach consistently underestimates positive long-term
treatment e ects, irrespective of the estimation method employed. This leads to a bias that
is, on average, 0.05 standard deviations. Such bias could come from omitted surrogates, as
well as bias in the rst-stage predictive model.

We do not necessarily believe that this negative bias should dissuade researchers from
the surrogate approach. After all, in practice, there may still be no better alternative for
estimating unobservable long-term e ects. However, this may suggest that we think of
surrogate index treatment e ect estimates as a lower bound on the bene ts from treatment.

We observed that, contrary to theoretical expectations, the deliberate exclusion of (ob-
servable) covariates improved the method's performance in our meta-analysis. It appears
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that excluding these covariates introduced a positive bias that o set the negative bias from
missing surrogates. However, we cannot say for sure how far this result generalises, so we do
not recommend deliberately excluding covariates in practice.

Despite the inherent biases in the surrogate index method, it o ers considerable precision
gains, with standard errors being approximately 52% the size of those from the long-term
RCT. Therefore, even if researchers have access to long-term outcomes, they may be more
interested in the surrogate method if they are willing to trade o a small amount of bias for
a large reduction in variance.

Finally, our paper introduced the M-lasso algorithm. This is speci cally designed with
the surrogate method in mind and can be used to construct the rst-stage predictive model.

Our analysis comes with some caveats. In particular, the long-term datasets used in our
meta-analysis are likely selectively drawn from studies expected to have signi cant short-term
and long-term e ects. The surrogate index might perform especially well in these settings, as
large short-run e ects could provide a stronger basis for predicting long-term outcomes. As
such, our analysis might overstate the performance of the surrogate index, relative to settings
with weaker short-term e ects.

On the other hand, the RCTs in our meta-analysis were designed without consideration
for using the surrogate index methodology. As such, the original researchers likely focused on
collecting baseline covariates that are predictive of long-term outcomes, to improve power.
For researchers designing studies where they plan to use the surrogate index approach,
they should focus more on collecting information on mediators of the long-run causal e ect
(and potentially mediator-outcome confounders). This mightmprove performance of these
methods relative to our meta-analysis ndings.

More work remains to be done in this eld. Future research could expand our analysis
to include more datasets, explore other domains outside of development economics, and
investigate alternative methods for estimating the surrogate index. Further exploration into
the causes of negative bias is also recommended. These e orts will give us greater con dence
in using surrogate indexes and other related approaches throughout the social sciences.
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A Appendix - Description of RCTs used in meta-analysis

In this appendix, we provide a detailed description of each RCT employed in our meta-analysis.
For a shorter overview of these RCTs, see section 4.

A.1 Conditional transfers in Colombia

Barrera-Osorio et al. (2019) use two experiments to study the impact of three di erent forms
of conditional cash transfer (CCT) on educational outcomes in Bogota, Colombia. The rst
treatment ("basic') is a standard CCT that pays a $30 transfer every two months, conditional
on attending school and enrolling in secondary school. This is paid over 10 months of the
year for a total of $150. The second treatment (‘savings') is similar but gives only $20 every
two months, transferring the remaining $50 at the time of enroliment the following year. This
is intended to reduce liquidity constraints at the time of enrollment, which is when students
typically incur additional expenses such as uniforms and school supplies. Therefore, this
treatment should encourage greater enrollment. Both of these treatments were studied in the
San Cristobal locality relative to one control group.

A third treatment (‘incentive') was studied in a separate experiment in the Suba locality
with a di erent control group. It gives students $20 every two months, but additionally gives
students a $300 monetary incentive to graduate from secondary school and enroll in tertiary
education. If they did not enter tertiary education, the $300 was delayed one year. Note that
San Cristobal and Suba are two of the poorest localities in Bogota.

In San Cristobal, students entering grades 6-11 were randomly assigned to either the basic
treatment, savings treatment, or control group. In Suba, only students entering grades 9-11
(upper secondary school) were included in the experiment. There were 10,947 students in
San Cristobal (basic = 3,437, savings = 3,438, control = 4,072) and 2,544 in Suba (incentive
treatment = 1,140, control = 1,404).

The authors study e ects on enrollment and graduation for secondary and tertiary
education, from 2 to 12 years after the experiment. The medium-term outcomes come from
annual secondary school enrollment data, administrative data from the institute that organises
secondary school exit examinations, and panel data which tracks students who enrol in college.
This is where we observe the long-term outcomes measured in 2016, as well as information
on whether students had enrolled in tertiary education by 2012. We also utilise 17 baseline
variables including measures of household wealth, income, education, and sizes as well as the
students' age and gender.

A.2 Education subsidies and HIV education in Kenya

Du o et al. (2015) is a seven-year cross-randomised RCT studying an HIV prevention education
programme as well as education subsidies in the form of providing students uniforms. 328
schools in Kenya were randomised to receive either the free uniform programme (83 schools,
4,764 pupils), the HIV education programme (83 schools, 4,936 pupils), both programmes
jointly (80 schools, 4,652 pupils), or the control group which received neither programme
(82 schools, 4,927 pupils). The authors also randomised an add-on component to the HIV
education programme which focused on condoms, but we do not use this cross-randomisation
in our analysis. Students enrolled in sixth grade in 2003 formed the study sample. The
authors followed up with these students three, ve, and seven years after treatment.

The initial outcomes focus on whether students were present and enrolled in school, plus
whether they were married, had children, or had ever been pregnant. A long-run follow-up
was done in 2010 which included the same questions as well as measuring biomarkers for HIV
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and herpes. The authors analyse boys and girls separately throughout the original paper,
but | merge the groups in my analysis. The education subsidy is found to be e ective for
reducing school dropout, teen marriage, and pregnancy. However, the HIV programme has
mostly null e ects. Long-run e ects are mostly small and null in this analysis, except for the

e ect of the education subsidy on the number of grades completed.

A.3 Cash grants in Sri Lanka

De Mel et al. (2012) is a ve-year RCT studying the impact of cash grants to microenterprises
with no employees in Sri Lanka. The grants were randomly either of size $100 or $200. The
authors further randomised half the grants to be in the form of cash and the other half as
in-kind purchases of equipment, but we do not use this variation in my analysis. This RCT
is signi cantly smaller than the others in our analysis, with only 408 microenterprises taking
part. The authors focus instead on surveying the microenterprises multiple times, resulting in
there being 12 post-treatment survey waves. For the rst two years, the owners are surveyed
quarterly, and in year 3 they are surveyed twice at six-month intervals. The authors then
return two years later to survey the microenterprises twice in year 5, again at six-month
intervals.

The primary outcomes are monthly pro ts, capital stock, and the labor supply of the
owner. These outcomes are observed in each of the 12 post-treatment survey waves, except
labor supply, which is not observed in the nal two surveys in year 5. The headline result in
the paper is that e ects on business survival and pro ts are large and persistent for men and
consistently null for women.

A.4 Cash grants in Uganda

Blattman et al. (2020) is a nine-year follow-up of an RCT evaluating the Youth Opportunity
Program in Uganda. In this RCT, groups of young people submitted applications for grants
to help them start skilled trades and businesses. The program was oversubscribed, so for
groups who had su ciently good applications, the authors randomised them to receive the
grants or not. 535 groups of approximately 12,000 members submitted eligible applications
and 265 of the groups received the grant. The authors randomly sampled around 5 people
per group resulting in a nal sample size of 2,677.

Two-year, four-year, and nine-year follow-up surveys were done after grant disbursement
in 2008. The key outcomes concern the participants' income, capital, employment hours, and
whether they worked in a skilled trade. E ects were signi cant two and four years after the
program, but most e ects had faded to zero by the time of the nine-year endline, with the
control group catching up to the treatment group.

A.5 Graduation program in India

Banerjee et al. (2021) is a ten-year follow-up of a graduation or big-push program which
provided a large asset transfer, consumption support and training to ultra-poor Indian
households. Households had to meet several criteria to be eligible for the intervention.
Those who were eligible were individually randomised with strati cation at the hamlet level.
However, only 266 of the 514 who were assigned to receive the intervention accepted. Like
the original authors, we focus on intent-to-treat e ects.

The key outcomes of interest in this study were consumption, food security, income, and
health. The authors found positive long-term e ects on all these outcomes: consumption
increased by 0.6 standard deviations (SD), food security by 0.1 SD, income by 0.3 SD, and
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health by 0.2 SD. These e ects grew for the rst seven years following the transfer and
persisted until year 10. An important channel for these persistent e ects was the opportunity
for treated households to diversify into more lucrative wage employment, notably through
migration.

A.6 Psychotherapy in Pakistan

Baranov et al. (2020) study the seven-year e ects of a cognitive behavioural psychotherapy
intervention for prenatally depressed mothers on women's mental health, nancial empow-
erment, and parenting decisions. Randomisation was done at the community level with 20
communities being assigned to treatment and 20 serving as controls. There were 903 women
in total in the trial and 585 of them were identi ed at the seven-year endline, making this
one of the world's largest studies of psychotherapy intervention.

After one year the intervention reduced depression by 39 percentage points. However,
after seven years the e ect was ve percentage points. Additionally, the intervention resulted
in improved nancial empowerment for women and led to an increase in both time- and
money-intensive parental investments. These improvements were measured as being between
0.2 and 0.3 standard deviations.

A.7 Conditional cash transfers in Mexico

Gertler et al. (2012) study the ve-year impacts of the Progresa / Oportunidades conditional
cash transfer program for poor households in rural Mexico. Communities are randomised
into receiving the cash transfers, but only eligible households classi ed as low income by a
proxy means test are eligible for the program.

The study found that households invested part of their cash transfers in productive assets,
which increased their agricultural income by almost 10% after 18 months of receiving bene ts.
This e ect persisted, with a 5.6% increase in consumption after ve and a half years. For each
peso transferred, households consumed 74 cents and invested the rest, permanently increasing
long-term consumption by about 1.6 cents. These results suggest that cash transfers can
lead to long-term increases in consumption through investment in productive activities,
allowing bene ciary households to achieve higher living standards that are sustained even
after transitioning o the program.

A.8 Female empowerment in Bangladesh

Buchmann et al. (2023) study two programs in Bangladesh, aimed at increasing girls'
education while reducing teenage marriage or childbearing. The rst treatment is a six-month
empowerment program, the second treatment is a nancial incentive to delay marriage, and
the third treatment provides both programs simultaneously. Cluster randomisation is done
at the community level and girls aged 10-19 are the target program participants.

The authors nd that after 4.5 years, the empowerment program did not a ect child
marriage or teenage childbearing, although it did increase school enrollment. It also increased
an income-generating activities index by 0.5 SDs. By contrast, the incentive program had
e ects on marriage, giving birth and school enroliment: eligible girls were 8.9 percentage
points less likely to be married, 4.8 percentage points less likely to have given birth under 20,
and 7.0 percentage points more likely to be in school.
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A.9 Deworming in Kenya

Hamory et al. (2021) study the twenty-year e ects of deworming in Kenya. Schools were
randomised to start receiving deworming pills at di erent times such that some children
received treatment two to three years earlier. Participants were surveyed one to two years
after the start of the program (Miguel and Kremer, 2004), ten years (Baird et al., 2016),
fteen and twenty years (Hamory et al., 2021).

Miguel and Kremer (2004) show that the program improved health and school participation
and had positive externalities on untreated children in treated and neighbouring schools.
Baird et al. (2016) study the medium-run e ects and show that there were positive e ects on
school enrollment for males and females, as well as positive labour market impacts in terms
of time spent working and income for men.

Hamory et al. (2021) show that these e ects persist twenty years after treatment, with those
who received additional, earlier deworming having 14% greater consumption expenditures
and 13% higher hourly earnings. They also work more in nonagricultural sectors and are
more likely to live in urban areas.
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B Appendix - Graphs with all estimators

Figure 9: Distribution of the bias in raw normalised surrogate index estimates, all methods

Notes: Across nine RCT contexts, for all methods of implementing the surrogate index estimator,
the bias distribution has a left tail and is centred slightly left of zero. This indicates the surrogate
method is negatively biased across all of our implementation methods.
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Figure 10: Normalised surrogate index treatment e ect point estimates (all methods) against
normalised RCT treatment e ect point estimates

Notes: Across nine RCT contexts, for each surrogate index estimation method, we plot the normalised
surrogate estimates of treatment e ects (y-axis) against their corresponding normalised RCT estimates
(x-axis). Each RCT estimate is associated with multiple surrogate estimates because varying numbers
of waves of surrogates were used for each treatment-outcome pair, as represented in table 2. The black
line is the 45-degree line and the coloured lines are the lines of best t. For all estimation methods,
the surrogate index best t line has a smaller positive slope than the 45-degree line, suggesting that
the surrogate index method overestimates smaller treatment e ects and underestimates larger ones.
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Figure 11: Normalised surrogate index bias (all methods) against normalised RCT treatment
e ect point estimates

Notes: The coloured lines are the lines of best t for the surrogate bias of each estimation method
against the RCT treatment e ect estimate across nine RCT contexts. Though the kitchen sink linear
regression method without covariates does comparatively well, the coloured lines are di erent from
the horizontal black line representing zero bias. Often, the slopes of these best t lines are far from
zero, closer to the 45-degree line, indicating increasing negative bias as RCT e ects become more
positive. Note that each RCT estimate is associated with multiple surrogate index biases because
varying numbers of waves of surrogates were used to create surrogate index estimates, as represented

in table 2. All graphs share the same x and y-axis labels.

40



Figure 12: Normalised absolute bias of all estimators against time horizon

This graph plots biases against time horizons for all experiments and colour-codes them by the study
from which they derive. In general, absolute bias tends to weakly increase with time horizon.
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Figure 13: Normalised standard errors on treatment e ects: surrogate index results (all
methods; cross arm design) against RCT results

Notes: For the four studies for which cross-arm design is possible, we show the relationship between
RCT-estimated standard errors on treatment e ects with the same for surrogate index-estimated
standard errors. Each RCT standard error is associated with multiple surrogate index standard
errors because we use varying numbers of waves of surrogates in each surrogate index estimator,
as represented in Table 2. The black line is the 45-degree line. Points are colour-coded by the
estimation method. Surrogate index standard errors tend to be systemically smaller than RCT
standard errors. The Cash Sri Lanka study has some expectations, with surrogate index estimators
producing larger standard errors than the RCT method does, particularly for the “kitchen sink linear
regression with covariates' estimation method.
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Figure 14: Two designs for testing surrogacy approach

Note: The red Ys and Ts represent that we do not use this variable when implementing the surrogate
index approach. The blue Y represents that we do not use this variable when using the data as
experimental, but we do when using it as observational. The green T represents that we do not use
this variable when using the data as observational, but we do when using it as experimental.

C Appendix - Cross-arm design

Recall that the meta-analysis in the main article is constructed using a 'same sample' design.
With this design, for every RCT we construct an observational dataset from the control group.
Meanwhile, an experimental dataset is constructed from both the control and treatment
group this ensures that the experimental dataset contains variation in the treatment status.
This is shown in gure 14 (a).

For RCTs containing at least two treatment arms and one control, we can also consider
an alternative design that we call thecross-arm design. Here we use one treatment arm as
the observational dataset. We then use all the other arms (including the control) to construct
the experimental dataset. This reduces concerns of over tting since the observational and
experimental datasets no longer overlap. However, it introduces thgossibility for the
comparability of samples assumption to be violated, seeing as treatment status is now
guaranteed to be di erent in the observational dataset versus the experimental dataset. This
problem is mitigated by the fact that the observational and experimental datasets still come
from the same RCT, such that both datasets will have the same distribution of baseline
characteristics in expectation.

As noted above, a downside of the cross-arm approach is that it is only feasible in RCTs
where there are at least two treatment arms and one control arm. Only four out of the nine
RCTs we use satisfy this requirement, so we focus on the same sample design for the main
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analysis. However, we show in appendix D that the main graphical results are robust to
using the cross-arm design in the six RCTs which have more than one treatment arm. In
particular, (1) we show that the bias of the surrogate index is similar for the same-sample
and cross-arm approaches in the studies where we can estimate both, and (2) we replicate
the main gures of the paper but with the cross-arm design.
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