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Problem definition. Anti-poverty programs — cash transfers, vocational training, asset grants — aim

to produce durable gains in income, health, and education for poor and underemployed populations. These

gains take years, often a decade, to materialize, while the operational decisions that shape them are made on

much shorter cycles. To iterate effectively, policymakers need methods that estimate long-term impact from

short-term data and identify which short-term changes carry that impact, so the program can be redesigned

around the mechanisms that drive durable gains. Methodology/results. We develop a framework that

combines short-term experimental data with long-term observational data to estimate the long-term effect of

a program and rank design modifications by their predicted long-term gain. We learn the causal mechanisms

linking the treatment, intermediate (surrogate) outcomes, and long-term outcomes. These mechanisms are

encoded in a causal graph, recovered using our COMB-PC algorithm. Using the learned graph, we identify

a valid surrogate set, yielding a consistent estimator for the long-term effect. We then decompose the long-

term effect into directed pathways using a graph-constrained structural model in an interpretable way, and

rank design modifications by their predicted long-term gain. Applied to the Uganda Youth Opportunities

Program (YOP), our method identifies the welfare effects that persist and those that fade, recovering the

nine-year impact from only two-year surrogates which are based on two years of post-disbursement data. We

find that most of the lasting effect operates through a single mechanism: enrollment in vocational training.

Counterfactual analysis on the learned graph shows that strengthening this channel is expected to produce

the largest long-term gains. Managerial implications. For policymakers designing the next pilot or scale-

up, our framework converts short-horizon experimental evidence into actionable guidance on both whether a

program’s gains will persist and what design changes improve the next iteration. For YOP, the decomposition

isolates a single high-leverage channel — early enrollment in vocational training — and points to a redesign

built around raising enrollment: bundling the cash grant with enrollment vouchers, transportation support,

or direct connections to training providers.
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1. Introduction

Whether an anti-poverty or human-development intervention should be launched, refined, scaled,

or abandoned hinges on its effect on welfare outcomes such as durable gains in income, health and

education that typically materialize over years or decades, long after these decisions must be made.

These interventions, including cash transfers, vocational programs, microfinance, and preventive

health campaigns, are deployed at scale by governments, NGOs, and multilateral organizations

across the developing world (Banerjee et al. 2015, Parker and Todd 2017, McKenzie 2017, Baird et al.

2016). However, long-term evaluation presents an operational challenge. Tracking subjects over long

horizons is costly in environments with limited data infrastructure and fragmented administrative

records, and attrition compounds the problem as study populations move, migrate, or become

unreachable (Molina-Millán and Macours 2025). Moreover, even when long-term measurement is

feasible in principle, the funding and political cycles that determine whether a program is piloted,

scaled, modified, or wound down move on much shorter timescales than the outcomes themselves.

The Uganda Youth Opportunities Program (YOP), which we return to throughout this paper

as a running example, is a case in point. Beginning in 2008, the Government of Uganda ran a

program offering one-time cash grants to groups of young adults to fund vocational training and

start-up costs for skilled trades, with the long-term goal of raising employment and incomes among

an underemployed rural population (Blattman et al. 2014). Four years in, it seemed the program had

a large impact: relative to a control group, treated individuals reported 38% higher earnings, 11%

higher consumption, and substantially greater investment in business capital and skilled work. Nine

years in, however, these effects had mostly dissipated; the two groups had converged on employment,

earnings, and consumption (Blattman et al. 2020). Lasting effects appeared only on a narrower set

of outcomes: durable assets and sustained occupation in a skilled trade. The conclusion was that

the grants acted more as a “kick start” than a lift out of poverty.

This pattern of fading effects is not unique to YOP. Similar programs that grant cash, physical

assets, or training to poor or underemployed populations have become widespread over the past two

decades. They vary widely in what is granted, to whom, and what services are bundled, and there is

little consensus on which design choices drive long-term outcomes. Across this body of evaluations,

short-term results are often encouraging, but long-term data remain rare (Blattman et al. 2020) —

and the decision to fund these programs typically rests on whether their short-term gains persist

(Banerjee et al. 2015).

Decision-makers selecting among variants for the next pilot or scale-up therefore need two things

from short-term data. First, they need faster and more reliable estimates of long-term impact, so
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that resources are not committed or withdrawn on the basis of an inaccurate picture of long-term

impact. Second, they need to understand the mechanism through which an intervention produces

(or fails to produce) durable effects, i.e., which short-term changes mediate the long-term impact,

and which of these the current treatment fails to engage. These two needs are complementary. An

estimate of long-term impact tells decision-makers what the effect of an intervention will be, while

understanding the mechanism identifies which features of the intervention to change or expand.

This motivates the research question we address in this paper: How can we use short-term data to

forecast an intervention’s long-term effects, identify the mechanisms that drive them, and guide the

design of follow-on interventions?

Existing methods do not address the question of understanding the mechanism. The most promi-

nent of these methods is the surrogacy framework introduced by Athey et al. (2019). The framework

relies on surrogate variables: intermediate outcomes (i.e., outcomes measured between the treatment

and the long-term outcome) that mediate the treatment’s effect on that outcome. In the YOP set-

ting, candidate surrogates might include earnings, business capital, or occupational status measured

two or four years after the grant. The surrogacy framework combines short-term experimental data,

in which the treatment and the surrogates are observed but the long-term outcome is not, with

longer-term observational data containing both the surrogates and the outcome, together yielding

an estimate of the long-term average treatment effect before it is realized. A growing literature has

extended the framework in several directions (Yang et al. 2024, Athey et al. 2020, Imbens et al.

2022, Huang et al. 2026, Battocchi et al. 2021, Anderer et al. 2022). Across these extensions, how-

ever, the analyst is assumed to arrive with prior knowledge about which short-term variables carry

information about the long-term outcome, whether as strict surrogates that mediate the treatment

effect, or as informative proxies whose relationship to the long-term outcome has been characterized

in advance. In settings where these relationships are themselves well understood, this assumption

is reasonable. In the development context, however, in-depth knowledge of such relationships is

often a binding constraint. The channels through which interventions generate long-term outcomes

are often poorly understood and contested, especially in developing-economy contexts where data

infrastructure, administrative records, and information systems are less advanced. This makes it

difficult not only to measure long-term impacts, but also to understand why they arise and how

programs should be redesigned. As a result, identifying which mechanism is actually doing the work

is often precisely what investigators, policymakers, and local authorities most need to learn.

We address this constraint by learning the surrogate outcomes and the underlying mechanism

from data rather than assuming them. Specifically, we combine causal structure learning with the

surrogacy framework to recover both a set of valid surrogates and the causal pathways connecting

the treatment to the long-term outcome. Causal structure learning, unlike causal inference, focuses
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on identifying the presence or absence of causal relationships among variables using the framework

of graphical causal models (Pearl 2000, Spirtes et al. 2000). Building on this literature, we develop

COMB-PC, an algorithm that combines short-term experimental data with longer-term observa-

tional data to recover a directed acyclic graph (DAG) representing the causal relationships among

the treatment, candidate short-term variables, and the long-term outcome. The resulting causal

graph helps determine (𝑖) which short-term variables are influenced by the treatment, and (𝑖𝑖) which

of those variables, in turn, affect the long-term outcome — that is, which short-term variables serve

as valid surrogates. Given the learned graph, we derive a closed-form, non-parametric expression

for the long-term average treatment effect and show that it can be consistently estimated from the

experimental and observational data under standard assumptions in the surrogacy literature. The

graphical representation also has a practical advantage in development-policy settings: at a glance,

the policymaker sees which channel carries the program’s effect and how to strengthen it.

Beyond enabling consistent estimation by identifying valid surrogates, the learned graph also

enables counterfactual reasoning about the design of potential interventions. Combining the learned

graph with structural equation models, we can estimate how the long-term outcome would respond

to changes in the treatment’s effect on each short-term variable. For example, this would allow us

to quantify what would happen to the long-term outcome if we strengthen the treatment’s effect

on a surrogate by a specific amount. This in turn opens up two avenues by which to refine the

design of further interventions to improve these long-term outcomes. First, the graph identifies short-

term variables that carry the treatment’s effect to the long-term outcome, enabling incremental

improvements along established intervention pathways. Second, and perhaps more distinctively, the

graph can also identify short-term variables that affect the long-term outcome but may not currently

be engaged by the treatment, uncovering novel opportunities for intervention.

We apply the framework to YOP, using 2- and 4-year measurements of earnings, business capi-

tal, and occupational choice as candidate surrogates and 9-year outcomes as long-term targets. We

construct two samples matching the surrogacy data structure: an experimental sample with treat-

ment and short-term measurements, and an observational sample with all three timepoints but no

treatment information. COMB-PC recovers a directed graph linking the cash grant to long-term

outcomes through specific short-term pathways. Our long-term treatment effect estimates match

the original 9-year follow-up: treatment and control groups converge on earnings and consumption,

while persistent effects remain on durable assets and skilled-trade engagement (Blattman et al.

2020). We achieve this match using only the first two years of data, demonstrating that long-term

effects can be estimated from short-term measurements. We also find that naively using all short-

term variables as surrogates without graph-based selection produces false-positive estimates. The

learned graph identifies year-2 vocational training enrollment as the dominant pathway, carrying
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most of the long-term effect on its own, with training hours and skilled-trade participation acting as

downstream amplifiers. Counterfactual analysis confirms that strengthening the treatment’s effect

on enrollment yields the largest long-term gains, suggesting that future interventions should boost

early vocational training enrollment.

1.1. Contributions

This paper develops a framework for using short-term experimental evidence to both estimate and

improve the long-term impact of development interventions. Our central contribution is to turn

the surrogacy framework from a tool for predicting the long-term effect of a fixed treatment into a

tool for learning the causal mechanisms through which a program creates durable welfare gains and

using those mechanisms to guide redesign. We make three contributions.

• Causal structure learning for two-sample surrogacy. Building on Imbens (2020), who highlights

surrogacy as a natural setting in which graphical causal models can clarify the assumptions

underlying long-term treatment-effect estimation, we push this synthesis further by learning

the causal structure from two-sample data and using it to select surrogates, identify long-term

effects, and guide program redesign. We introduce COMB-PC, a causal-structure learning algo-

rithm for the two-sample surrogacy setting in which treatment assignment and long-term out-

comes are never jointly observed. This setting arises naturally in development-policy evaluation:

a short-term experiment observes treatment assignment and early outcomes, while a separate

observational sample contains early and long-term outcomes. Standard causal-discovery algo-

rithms cannot be applied directly because no single sample contains all variables. COMB-PC

resolves this problem by combining conditional-independence information from the experimen-

tal and observational samples to recover the causal structures up to an equivalence class linking

treatment, intermediate outcomes, and long-term outcomes.

• Graph-selected surrogates, long-term effect identification, and redesign. Building on the learned

graph, we develop a non-parametric identification strategy for long-term treatment effects. The

graph delivers two objects that existing surrogate-index approaches typically take as given or

do not distinguish: a mediating surrogate set that intercepts directed treatment effects, and

a surrogate–outcome adjustment set that blocks noncausal paths between the surrogates and

the long-term outcome. This distinction is important because short-term variables may be

predictive of long-term outcomes without being valid mediators of the treatment effect. The

resulting closed-form estimand combines the short-term experimental sample with the long-

term observational sample to estimate long-term treatment effects before the long-term outcome

is observed in the experimental sample. We then use the same learned structure to move from

evaluation to design. By combining the graph with a structural model, we decompose long-

term effects into directed pathways and evaluate mechanism-level counterfactuals, asking how



6

long-term impact would change if a redesigned program strengthened its effect on a particular

short-term mechanism. When the graph is only partially identified, we evaluate these redesign

counterfactuals across the graph equivalence class, yielding robust recommendations under

uncertainty about the causal structure.

• Evidence from Uganda’s Youth Opportunities Program. We apply the framework to Uganda’s

Youth Opportunities Program, a cash-grant intervention whose short-run gains largely faded by

the nine-year follow-up except for durable assets and skilled-trade attachment. We construct a

two-sample design by splitting districts into an experimental sample containing treatment and

short-term outcomes and an observational sample containing short- and long-term outcomes

but no treatment assignment. Using two- and four-year outcomes as candidate surrogates,

the graph-selected estimator reproduces the nine-year patterns: effects fade for earnings, con-

sumption, and employment, but persist for durable assets and skilled-trade outcomes. We then

show that the same qualitative pattern can be recovered using only year-two experimental out-

comes, substantially shortening the experimental learning cycle. In contrast, using all candidate

short-term variables as surrogates without graph-based selection identifies significant effects on

outcomes that are not significant in the nine-year randomized benchmark. Finally, the learned

mechanism identifies year-two vocational training enrollment as the dominant early pathway

behind persistent effects, with training hours and skilled-trade participation acting mainly as

downstream amplifiers. Model-based counterfactuals suggest that follow-on programs should

prioritize increasing early vocational-training enrollment rather than only increasing training

intensity.

The remainder of the paper is organized as follows. Section 2 reviews the related literature. Section 3

formally defines the problem and the assumptions on which our results rest. Section 4 presents

COMB-PC, our algorithm for learning the causal structure from short-term experimental and longer-

term observational data. Section 5 derives the long-term treatment effect identification strategy

using the learned graph. Section 6 evaluates counterfactual redesigns under a graph-constrained

structural model. Section 7 applies the framework to the Uganda Youth Opportunities Program.

Section 8 concludes with a discussion of implications and limitations.

2. Literature Review

This paper builds on three streams of literature: (i) long-term welfare effects of development pro-

grams, (ii) causal and prescriptive methods for decision-making, and (iii) surrogate-based estimation

of long-term treatment effects.

Long-term welfare effects of development programs. This literature studies large-scale anti-poverty

programs, where the central puzzle is that short-term gains often fail to predict long-term impacts.



7

The Youth Opportunities Program (YOP) in northern Uganda, which we revisit in Section 7, gave

one-time grants of roughly USD 400 to underemployed young adults; Blattman et al. (2014) found

earnings and hours gains at four years, but by the nine-year follow-up these had faded as the control

group caught up, leaving only gains in durable assets and skilled-trade attachment (Blattman et al.

2020). Multifaceted “Graduation” programs show a related pattern: one-year gains in consumption,

food security, and income (Banerjee et al. 2015) were preserved or amplified in some countries and

faded in others by year ten (Banerjee et al. 2021). Compounding this, few development RCTs are

followed over long horizons (Bouguen et al. 2019). What these evaluations cannot provide is a way

to tell, from short-term data, which gains will persist and which early changes carry them.

Operations management has examined related questions in developing-country settings, asking

how operational and process design choices shape welfare outcomes. Deo et al. (2013), Natarajan

and Swaminathan (2014), and Aflaki and Pedraza-Martinez (2016) study operational decisions in

chronic-care capacity and donor-funded humanitarian health programs, where welfare consequences

arrive long after operational choices are locked in. Closer to our development setting, Uppari et al.

(2024) combine field experiments in Rwanda with a structural model to show that operations-

based strategies for an off-grid lighting business yield far larger improvements in lamp usage than

price-based alternatives. Ramdas and Sungu (2024) run a field experiment in Mumbai showing

that a simple operational lever (shorter data-replenishment cycles for mobile plans) increases access

to healthcare information and attendance at health camps. Other work examines welfare-relevant

interventions in resource-limited settings, including cash assistance for refugees (Kotsi et al. 2022),

agricultural market reforms (Levi et al. 2020), food subsidies (Aouad et al. 2024), drone delivery

of blood products in Rwanda (Jeon et al. 2026), and spatial resource allocation during epidemics

(Long et al. 2018). Other work documents welfare inequities, including post-disaster price gaps

borne by low-income communities (Barriola and Schmidt 2025) and gender disparities in public-

service access (Kaaua and Virudachalam 2025). However, this work measures effects only after they

materialize, leaving a structural mismatch between the cycle on which long-term welfare is measured

and the cycle on which program-design decisions are made. We address this mismatch by combining

short-term experimental data with long-term observational data to inform program-design decisions,

compressing the cycle on which decisions are made.

Causal and prescriptive methods for decision-making. Within operations management, decision-

making has been supported by heterogeneous treatment-effect estimation in healthcare (Wang et al.

2021), prescriptive analytics with observational data and covariates (Bertsimas and Kallus 2020),

and decision rules that rely on structural assumptions when experimentation is limited (Bastani et al.

2021). Causal discovery addresses a different but complementary problem: learning the causal graph

from conditional-independence patterns and structural restrictions. This literature is well developed
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in statistics and computer science (Spirtes et al. 2000, Chickering 2002, Heinze-Deml et al. 2018,

Cussens et al. 2017), with extensions to heterogeneous and overlapping data sources (Bareinboim

and Pearl 2016, Mooij et al. 2020, Triantafillou and Tsamardinos 2015, Huang et al. 2020) and

applications to instrumental-variable validation (Eberhardt et al. 2025). We develop COMB-PC, a

causal discovery algorithm for the two-sample surrogacy setting in which treatment and long-term

outcomes are never jointly observed. COMB-PC adapts the PC algorithm (Spirtes et al. 2000) by

assigning each conditional-independence query to the sample in which the relevant variables are

jointly observed. The recovered graph yields a graph-selected surrogate set, a surrogate–outcome

adjustment set, and a closed-form identification formula for the long-term treatment effect, extending

the backdoor logic of Pearl (1995) and equivalence-class adjustment results (Maathuis et al. 2009,

Maathuis and Colombo 2015, Perković et al. 2018) to the two-sample surrogacy structure.

To our knowledge, this is the first framework for two-sample surrogate identification that learns

both the surrogate set and the surrogate–outcome adjustment set from a causal graph, and then uses

that graph to support mechanism-guided counterfactual program design. The framework builds on

the perspective in Imbens (2020) that graphical causal models can clarify the identifying assumptions

in surrogacy settings, and uses this structure to discipline the choice of surrogate variables. It also

addresses a common critique of causal discovery — that the methodology has remained largely

separate from applied decision-making — by using the recovered graph as the foundation for real-

world policy design.

Surrogate-based estimation of long-term treatment effects. These methods use short-term mea-

surements as surrogates for long-term outcomes, building on the framework introduced by Prentice

(1989). Most relevant to our setting, Athey et al. (2025) treat short-term measures as a joint

surrogate index, combining an experimental sample (treatment and surrogates observed) with an

observational sample (surrogates and outcome observed). Subsequent work extends this framework:

Imbens et al. (2025) address persistent confounding using sequential short-term outcomes; Huang

et al. (2026) extend to long-term treatments whose effects unfold over future horizons; Kallus and

Mao (2025) derive efficiency bounds without requiring strong surrogacy assumptions. Operations

management has adopted these tools for decisions made before long-term outcomes arrive: Yang

et al. (2024) learn targeting policies for long-term retention using surrogate-imputed outcomes, and

Anderer et al. (2022) combine imperfect surrogate information with true outcomes in Bayesian

adaptive trial designs. Across these approaches, the surrogate set is taken as given. This is defensible

when mechanisms are understood, but less so in development settings, where the channels producing

long-term welfare gains are themselves the object of inquiry. Our framework learns the surrogate set

from data so that surrogacy follows from the recovered graph rather than being assumed, augments

Athey et al. (2025)’s surrogate index with a graph-derived adjustment set that closes post-treatment
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paths, and moves from forecasting long-term effects to designing for them by decomposing those

effects along learned causal paths.

3. Problem Setup
Consider a setting with two samples: an experimental sample (denoted as 𝐸) and an observational

sample (denoted as 𝑂). The experimental sample comprises 𝑁𝐸 observations and includes a binary

treatment variable 𝑊 together with a set of covariates, but does not include the long-term outcomes

Y, which are observed only at a longer horizon.1 The observational sample comprises 𝑁𝑂 observa-

tions and includes both Y and the covariates, but does not include the treatment 𝑊 . We use the

indicator 𝐷 ∈ {𝐸,𝑂} to denote the sample under consideration.

We partition the variables by the time at which they are collected. Let X denote the set of

pre-treatment (baseline) covariates, collected before treatment assignment, and let S = {𝑆1, . . . , 𝑆𝑚}
denote the set of post-treatment short-term variables, collected after treatment but before the long-

term outcomes Y = {𝑌1, . . . ,𝑌𝑞}. Variables in S act as candidate surrogates that may or may not

mediate the effect of 𝑊 on Y. Both X and S are observed in both samples; only 𝑊 and Y are

sample-specific. The variables in each sample are V𝐸 = X ∪ {𝑊} ∪ S and V𝑂 = X ∪ S ∪Y, and the

full set across both samples is V =X∪ {𝑊} ∪S∪Y. We assume that both samples are generated by

the same underlying causal mechanism, represented by a directed acyclic graph G∗ over V. We do

not observe G∗; we observe only the data it generates, recorded separately in the experimental and

observational samples.

3.1. Identifying Assumptions for Combining Experimental and Observational Data

We now state the assumptions on the structure of G∗ and on the relationship between the two

samples, following standard conditions in the surrogate-index literature (Athey et al. 2025).

Assumption 1 (Common Data-Generating Process). The experimental and observational

samples share the same underlying causal mechanism G∗ and the structural equations governing

every variable in V \ {𝑊} are identical across the two samples.

This is what allows us to combine information across samples. The experimental sample identifies

the part of G∗ involving 𝑊 , while the observational sample identifies the part involving Y; the

common mechanism ties them together.

The next assumption formalizes the experimental randomization.

Assumption 2 (Randomization on Observables). The treatment 𝑊 is randomized condi-

tional on the pre-treatment covariates X, implying that any incoming edge to 𝑊 in the true underlying

graph G∗ originates from a variable in X.

1 In this paper, we focus on a binary treatment variable 𝑊 and discrete outcomes Y, with X and S representing sets
of discrete variables. Our results can be extended to the continuous setting.
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In particular, the experimental design ensures that 𝑊 has no unobserved causes, so the experi-

mental sample identifies the causal effect of 𝑊 on S once we condition on X.

Because our experimental sample lacks the long-term outcomes, we further restrict the causal

structure over V so that long-term effects can be inferred from observational data.

Assumption 3 (Causal Structure of G∗). The true causal graph G∗ satisfies:

(i) No directed edge points from a later stage to an earlier stage.

(ii) There is no direct edge from 𝑊 to any long-term outcome 𝑌𝑘 ∈Y.

Part (i) encodes the structural ordering of the variable categories: short-term variables cannot

affect X or 𝑊 , and long-term outcomes cannot affect any earlier variable. Part (ii) imposes the

surrogacy restriction—the treatment’s effect on the long-term outcomes is mediated entirely through

the short-term variables S. This is plausible in development settings, where such interventions are

one-time and do not recur, so their effect on long-run welfare must be transmitted through the

intermediate states they alter—precisely the channels S is constructed to measure.

4. Learning Treatment-Effect Mechanisms and Surrogates

This section presents COMB-PC, a causal structure learning algorithm that recovers the directed

acyclic graph linking the treatment, the short-term variables, and the long-term outcomes, using a

combined short-term experimental sample and long-term observational sample. Section 4.1 provides

a brief background on causal structure learning, including the standard identification assumptions

and terminology we use throughout the rest of the paper.2 Readers familiar with this material may

skip directly to Section 4.2.

4.1. Background: Causal Structure Learning

Graphical causal models (Pearl 2000, Spirtes et al. 2000) use directed graphs to represent causal

relationships among variables. Let G = (V,E) be a directed graph with node set V and edge set

E ⊆ V ×V, where each edge signifies a direct causal connection between the corresponding nodes.

Two nodes 𝑉𝑖 and 𝑉 𝑗 are adjacent if there is an edge 𝑉𝑖 → 𝑉 𝑗 or 𝑉𝑖 ← 𝑉 𝑗 in G. The parents and

children of a node 𝑉𝑖 are its direct causes and effects, respectively. A path between 𝑉𝑖 and 𝑉 𝑗 is a

sequence of distinct nodes starting at 𝑉𝑖 and ending at 𝑉 𝑗 in which consecutive nodes are adjacent;

a directed path is one in which every edge points in the direction of traversal. A descendant of 𝑉𝑖

is any node reached from 𝑉𝑖 by a directed path, and an ancestor of 𝑉𝑖 is any node from which 𝑉𝑖

can be reached by a directed path. A directed acyclic graph (DAG) is a directed graph with no

2 Appendix A gives a more detailed background on graphical causal models, including graphical terminology, the causal
Markov, faithfulness, and sufficiency assumptions, d-separation, Markov equivalence, and back-door adjustment,
which form the basis for structure-learning and the identification results of the paper.
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directed cycles. A node 𝑉 𝑗 is a collider on a path if its adjacent edges on that path point into 𝑉 𝑗 , i.e.,

→𝑉 𝑗 ←; otherwise it is a noncollider, either a mediator (→𝑉 𝑗 →) or a common cause (←𝑉 𝑗 →).

A v-structure (or unshielded collider) consists of two non-adjacent nodes that both point into a

common child, forming a "V." The skeleton of G is the undirected graph obtained by replacing each

directed edge with an undirected edge.

Causal modeling involves associating each graph G with a probability distribution 𝑃G (V) that fac-

torizes according to the graph structure: 𝑃G (V) =
∏
𝑉𝑖∈V 𝑃G (𝑉𝑖 | 𝑃𝑎(𝑉𝑖)), where 𝑃𝑎(𝑉𝑖) denotes the

parents of 𝑉𝑖 in G (Eberhardt 2017). Here the terms "node" and "variable" can be used interchange-

ably, as they correspond to the graphical structure and the probability distribution, respectively.

The following three assumptions bridge the observed data and the causal structure.

Assumption 4 (Causal Markov). Each variable 𝑉𝑖 ∈ V in a graph G = (V,E) is probabilisti-

cally independent of its non-descendants given its parents.

Assumption 5 (Faithfulness). The only independences present in the probability distribution

are those that are implied by the graph structure through the causal Markov conditions.

Assumption 6 (Causal Sufficiency). For any pair of variables in V, all common causes of

those variables are also contained within V.

The causal Markov condition permits us to transition from the causal graph to the observed prob-

abilistic independencies. Conversely, faithfulness enables us to deduce the structure of the causal

graph from observed data independencies. Causal sufficiency ensures that all common causes of

any pair of variables in V are contained within V, thereby excluding hidden or unobserved con-

founders. Together, these assumptions allow causal structure learning algorithms to recover the

graph from observational data by exploiting the conditional independence signatures that different

graph structures leave in the joint distribution.

Two DAGs are Markov equivalent if they entail the same conditional independencies, and Markov

equivalence class of a DAG is the set of DAGs Markov equivalent to it. Verma and Pearl (1990)

characterize this relation graphically: two DAGs are Markov equivalent if and only if they share the

same skeleton and the same v-structures. Causal structure learning algorithms therefore typically

return the Markov equivalence class of the underlying graph rather than a single DAG. Identifying

a unique DAG from observational data alone requires additional parametric restrictions on the

structural equations, such as non-Gaussian noise (Shimizu et al. 2006) or additive noise models

(Peters et al. 2014).
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4.2. The COMB-PC Algorithm

To learn the causal mechanism by which the treatment 𝑊 affects the long-term outcomes Y, we

develop COMB-PC, a causal structure learning algorithm tailored to the two-sample surrogacy

setting. The main challenge is that 𝑊 and Y are never jointly observed: the experimental sample

contains X,𝑊,S, while the observational sample contains X,S,Y. Standard causal structure learning

methods, which assume a single sample with all variables jointly observed, cannot be applied directly

to this setting. We show that, under standard correctness conditions on the independence tests,

COMB-PC asymptotically recovers the Markov equivalence class of the true data-generating graph.

In the first phase of the COMB-PC algorithm, we focus on identifying the skeleton of the causal

graph; Algorithm 1 provides the pseudocode. This phase begins with the initialization of an undi-

rected graph G1 = (V,U) where U consists of all possible undirected edges between variables in

V, except for the edges between the treatment 𝑊 and each long-term outcome 𝑌𝑘 ∈ Y, which are

ruled out by Assumption 3 (𝑖𝑖). For each 𝑉𝑖 ∈V, we let N(𝑉𝑖) denote the neighborhood of 𝑉𝑖 in the

current graph, i.e., the set of variables adjacent to 𝑉𝑖 via an undirected edge. The neighborhoods are

initialized to mirror U. Specifically, the initial neighborhoods are N(𝑊) =X∪ S, N(𝑋𝑖) =V \ {𝑋𝑖}
for every 𝑋𝑖 ∈X, N(𝑆𝑖) =V \ {𝑆𝑖} for every 𝑆𝑖 ∈ S, and N(𝑌𝑘) =V \ {𝑊,𝑌𝑘} for every 𝑌𝑘 ∈Y.

Throughout Phase 1 we write 𝑉𝑖 ⊥⊥ 𝐸𝑉 𝑗 | C and 𝑉𝑖 ⊥⊥ 𝑂𝑉 𝑗 | C to denote the conditional independence

of 𝑉𝑖 and 𝑉 𝑗 given the conditioning set C in the experimental (𝐸) and observational (𝑂) samples,

respectively.3 For every pair 𝑉𝑖 ,𝑉 𝑗 ∈ V𝐸 currently adjacent in G1, we check whether 𝑉𝑖 and 𝑉 𝑗 are

conditionally independent given a conditioning set C in C𝐸
𝑉𝑖𝑉𝑗

=
{
C | C ⊆ V𝐸 \ {𝑉𝑖 ,𝑉 𝑗}

}
. 4 If some

C ∈ C𝐸
𝑉𝑖𝑉𝑗

satisfies 𝑉𝑖 ⊥⊥ 𝐸𝑉 𝑗 | C, we remove the undirected edge between 𝑉𝑖 and 𝑉 𝑗 from G1, update the

corresponding neighborhoods, and record this conditioning set as the separating set 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑉𝑗
=C.

We then perform the analogous test for each long-term outcome 𝑌𝑘 ∈Y and each currently adjacent

𝑉𝑖 ∈ V𝑂 \ {𝑌𝑘} in the observational sample using C𝑂
𝑉𝑖𝑌𝑘

=
{
C | C ⊆ V𝑂 \ {𝑉𝑖 ,𝑌𝑘}

}
; if 𝑉𝑖 ⊥⊥ 𝑂𝑌𝑘 | C for

some C, we remove the edge, update the neighborhoods, and set 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑌𝑘 = C. The separating

sets and final neighborhoods from both rounds of edge removal are retained as input to Phase 2.

The second phase of the COMB-PC algorithm focuses on orienting the undirected edges within

the skeleton returned in the first phase; Algorithm 2 provides the pseudocode. We first apply the

collider rule. For each triple 𝑉𝑖 ,𝑉 𝑗 ,𝑉𝑘 ∈ V with 𝑉 𝑗 ≠𝑊 , 𝑉𝑖 ∈ N (𝑉 𝑗), 𝑉𝑘 ∈ N (𝑉 𝑗), and 𝑉𝑖 ∉N(𝑉𝑘), if

𝑉 𝑗 ∉ 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑉𝑘
then 𝑉 𝑗 must be a collider between 𝑉𝑖 and 𝑉𝑘 Pearl (2000). Hence, we orient the

3 Our procedure is agnostic to the choice of conditional independence test, provided it is consistent for the data-
generating process at hand; standard options include Fisher’s Z for Gaussian continuous data, the 𝐺2 or 𝜒2 test for
discrete data, and kernel-based tests such as KCI (Zhang et al. 2011) for nonparametric or mixed-type settings.
4 Testing every such subset scales with |V|; Appendix B gives a stage-aware implementation that uses the ordering
X before 𝑊 before S before Y to restrict the conditioning sets, and proves that later-stage variables can be excluded
without affecting the recovered skeleton.
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Algorithm 1: COMB-PC - Phase 1 (Skeleton Discovery)

Input: experimental sample 𝐸 over V𝐸 and observational sample 𝑂 over V𝑂.
Output: G1 = (V,U), N(𝑉𝑖) for 𝑉𝑖 ∈V, 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑉𝑗

for 𝑉𝑖 ,𝑉 𝑗 ∈V,𝑉𝑖 ≠𝑉 𝑗 .
Initialization: U =

{
(𝑉𝑖 𝑉 𝑗) | ∀ 𝑉𝑖 ,𝑉 𝑗 ∈V𝐸 ,𝑉𝑖 ≠𝑉 𝑗

}
∪
{
(𝑉𝑖 𝑌𝑘) | ∀ 𝑉𝑖 ∈V𝑂 \ {𝑌𝑘},𝑌𝑘 ∈Y

}
N(𝑊) =X∪ S, N(𝑋𝑖) =V \ {𝑋𝑖} ∀𝑋𝑖 ∈X, N(𝑆𝑖) =V \ {𝑆𝑖} ∀𝑆𝑖 ∈ S,
N(𝑌𝑘) =V \ {𝑊,𝑌𝑘} ∀𝑌𝑘 ∈Y,
𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑉𝑗

= ∅ ∀𝑉𝑖 ,𝑉 𝑗 ∈V,𝑉𝑖 ≠𝑉 𝑗 , ℓ = 0.
1. Experimental sample:

for a pair 𝑉𝑖 ,𝑉 𝑗 ∈VE where 𝑉𝑖 ∈ N (𝑉 𝑗):
for C ∈ C𝐸

𝑉𝑖𝑉𝑗
where |C| = ℓ:

if 𝑉𝑖 ⊥⊥ 𝐸𝑉 𝑗 | C:
Update 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑉𝑗

=C and U←U \ {(𝑉𝑖 𝑉 𝑗)}.
Update N(𝑉𝑖) ←N(𝑉𝑖) \ {𝑉 𝑗} and N(𝑉 𝑗) ←N(𝑉 𝑗) \ {𝑉𝑖}.
Break.

2. Long-term outcome integration:
for 𝑌𝑘 ∈Y:

for 𝑉𝑖 ∈V𝑂 \ {𝑌𝑘} where 𝑉𝑖 ∈ N (𝑌𝑘):
for C ∈ C𝑂

𝑉𝑖𝑌𝑘
with |C| = ℓ:

if 𝑉𝑖 ⊥⊥ 𝑂𝑌𝑘 | C:
Update 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑌𝑘 =C and U←U \ {(𝑉𝑖 𝑌𝑘)}.
Update N(𝑌𝑘) ←N(𝑌𝑘) \ {𝑉𝑖} and N(𝑉𝑖) ←N(𝑉𝑖) \ {𝑌𝑘}.
Break.

3. if ℓ < |V| − 3:
Update ℓ = ℓ + 1. Go to Step 1.

4. Return.

edge 𝑉𝑖 𝑉 𝑗 as 𝑉𝑖 → 𝑉 𝑗 and the edge 𝑉 𝑗 𝑉𝑘 as 𝑉𝑘 → 𝑉 𝑗 . We then apply the structural ordering

implied by the variable categories: every variable in X precedes 𝑊 , both precede every variable in

S, and all of these precede every variable in Y. Accordingly, any surviving 𝑋𝑖 𝑊 edge is oriented

as 𝑋𝑖→𝑊 , any surviving edge from X ∪ {𝑊} to S is oriented into the surrogate, and any surviv-

ing edge from V \ Y to a long-term outcome 𝑌𝑘 is oriented into 𝑌𝑘 . The algorithm then applies

Meek’s rules repeatedly until no further orientations are made, propagating the orientations already

determined without introducing new v-structures or directed cycles (Meek 1995). These rules are

illustrated in Appendix C. The resulting graph G2 = (V,M) can include both directed and undirected

edges. Directed edges represent causal directions that the algorithm successfully identified, whereas

undirected edges represent relations where directionality is not conclusively identified, allowing for

different DAGs consistent with G2 to orient those edges in different ways. In the last step of Phase

2, we identify all DAGs consistent with G2 and store them in G.

Figure 1 illustrates COMB-PC on an example with a single pre-treatment covariate 𝑋, four

candidate surrogates S = {𝑆1, 𝑆2, 𝑆3, 𝑆4}, and two long-term outcomes Y = {𝑌1,𝑌2}. The leftmost

panel shows the initial graph, near-complete except for the 𝑊−𝑌𝑘 adjacencies excluded by surrogacy.

Phase 1 prunes adjacencies via conditional independence tests in the two samples, leaving the
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Algorithm 2: COMB-PC - Phase 2 (Edge Orientation)

Input: G1 = (V,U), N(𝑉𝑖) for 𝑉𝑖 ∈V, 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑉𝑗
for 𝑉𝑖 ,𝑉 𝑗 ∈V,𝑉𝑖 ≠𝑉 𝑗 .

Output: G.
Initialization: M =U, G2 = (V,M).
1. Collider orientation:

for 𝑉𝑖 ,𝑉 𝑗 ,𝑉𝑘 ∈V where 𝑉𝑖 ∈ N (𝑉 𝑗),𝑉 𝑗 ∈ N (𝑉𝑘) and 𝑉𝑖 ∉N(𝑉𝑘):
if {𝑉𝑖 ,𝑉𝑘} ≠ {𝑊,𝑌ℓ} for every 𝑌ℓ ∈Y, 𝑉 𝑗 ∉ 𝑆𝑒𝑝𝑆𝑒𝑡𝑉𝑖𝑉𝑘

, and 𝑉 𝑗 ≠𝑊 :
Update M←

(
M∪ {(𝑉𝑖→𝑉 𝑗), (𝑉𝑘→𝑉 𝑗)}

)
\ {(𝑉𝑖 𝑉 𝑗), (𝑉 𝑗 𝑉𝑘)}.

2. Structural orientation:
for 𝑋𝑖 ∈X where (𝑋𝑖 𝑊) ∈M:

Update M←
(
M∪ {(𝑋𝑖→𝑊)}

)
\ {(𝑋𝑖 𝑊)}.

for 𝑉𝑖 ∈X∪ {𝑊}, 𝑆 𝑗 ∈ S where (𝑉𝑖 𝑆 𝑗) ∈M:
Update M←

(
M∪ {(𝑉𝑖→ 𝑆 𝑗)}

)
\ {(𝑉𝑖 𝑆 𝑗)}.

for 𝑉𝑖 ∈V \Y,𝑌𝑘 ∈Y where (𝑉𝑖 𝑌𝑘) ∈M:
Update M←

(
M∪ {(𝑉𝑖→𝑌𝑘)}

)
\ {(𝑉𝑖 𝑌𝑘)}.

3. Meek rules: repeat until M is unchanged in a full pass over (R1)–(R4):
(R1) for 𝑉𝑖 ,𝑉 𝑗 ,𝑉𝑘 ∈V where 𝑉𝑖 ∉N(𝑉𝑘) and {(𝑉𝑖→𝑉 𝑗), (𝑉 𝑗 𝑉𝑘)} ⊆M:

Update M←
(
M∪ {(𝑉 𝑗→𝑉𝑘)}

)
\ {(𝑉 𝑗 𝑉𝑘)}.

(R2) for 𝑉𝑖 ,𝑉 𝑗 ,𝑉𝑘 ∈V where {(𝑉𝑖→𝑉 𝑗), (𝑉 𝑗→𝑉𝑘), (𝑉𝑖 𝑉𝑘)} ⊆M:
Update M←

(
M∪ {(𝑉𝑖→𝑉𝑘)}

)
\ {(𝑉𝑖 𝑉𝑘)}.

(R3) for 𝑉𝑖 ,𝑉 𝑗 ,𝑉𝑘 ,𝑉𝑙 ∈V where 𝑉 𝑗 ∉N(𝑉𝑙) & {(𝑉𝑖 𝑉 𝑗), (𝑉 𝑗→𝑉𝑘), (𝑉𝑖 𝑉𝑙), (𝑉𝑙→𝑉𝑘), (𝑉𝑖 𝑉𝑘)} ⊆M:
Update M←

(
M∪ {(𝑉𝑖→𝑉𝑘)}

)
\ {(𝑉𝑖 𝑉𝑘)}.

(R4) for 𝑉𝑖 ,𝑉 𝑗 ,𝑉𝑘 ,𝑉𝑙 ∈V where 𝑉𝑖 ∉N(𝑉𝑘) & {(𝑉𝑖→𝑉 𝑗), (𝑉 𝑗→𝑉𝑘), (𝑉𝑖 𝑉𝑙), (𝑉𝑙 𝑉𝑘), (𝑉 𝑗 𝑉𝑙)} ⊆M:
Update M←

(
M∪ {(𝑉𝑙→𝑉𝑘)}

)
\ {(𝑉𝑙 𝑉𝑘)}.

4. Identify all DAGs consistent with G2 = (V,M), store them in G.
5. Return.

skeleton in the middle panel. Phase 2 orients each surviving edge using structural ordering, the

collider rule, and Meek’s rules, producing the directed graph on the right. The only directed path

from 𝑊 to 𝑌1 runs through 𝑆1 and 𝑆3, while every short-term variable lies on a directed path from

𝑊 to 𝑌2. The true graph is uniquely identified here, though this is not always guaranteed.

Initial graph After Phase 1 After Phase 2

Phase 1 Phase 2
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Figure 1 Illustration of the two phases of COMB-PC. The leftmost panel shows the initial graph G1. The middle

panel shows the skeleton recovered by Phase 1 via conditional independence tests in the experimental and

observational samples. The rightmost panel shows G2, the output of Phase 2.
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To state our main correctness result, we assume that the conditional independence tests used by

COMB-PC correctly reflect the conditional independence structure of the distribution induced by

the true underlying DAG.

Assumption 7 (Correctness of Independence Tests). Let G∗ be the true data-generating

graph and let 𝑃G∗ denote the joint distribution it induces. Every conditional independence test con-

ducted in Phase 1 correctly reflects the conditional independence structure of 𝑃G∗:

(i) For each query in the experimental sample, 𝑉𝑖 ⊥⊥ 𝐸𝑉 𝑗 | C if and only if 𝑉𝑖 and 𝑉 𝑗 are condition-

ally independent given C under 𝑃G∗.

(ii) For each query in the observational sample, 𝑉𝑖 ⊥⊥ 𝑂𝑌 | C if and only if 𝑉𝑖 and 𝑌 are conditionally

independent given C under 𝑃G∗.

Assumption 7 isolates the causal discovery problem from finite-sample conditional independence

testing: it describes the relations that would obtain asymptotically as the sample size grows.

We can now state the main result of this section.

Theorem 1 Let G∗ be the true underlying DAG and let G be the set of DAGs returned by the

COMB-PC algorithm. Under Assumptions 1-7, we have G∗ ∈ G and G∗ is Markov equivalent to

every G ∈G.

All proofs are provided in Appendix G. Under appropriate assumptions, Phase 1 recovers the

true skeleton and Phase 2 orients every edge identifiable within the Markov equivalence class of G∗.
These guarantees are asymptotic; Appendix F evaluates COMB-PC’s finite-sample recovery of the

skeleton and edge orientations across a range of graph densities.

COMB-PC makes two contributions. First, to our knowledge it is the first causal discovery algo-

rithm for the two-sample surrogacy setting, where 𝑊 and Y are never jointly observed—a config-

uration that neither single-sample methods such as PC nor existing two-sample causal discovery

methods accommodate. Second, by recovering the causal graph from data, it removes the standard

surrogacy-literature requirement that a valid surrogate set be specified in advance: the surrogates

and the mechanisms through which they mediate the treatment effect are read off the learned graph

rather than assumed.

The output of COMB-PC is central to the surrogacy setting for two reasons. First, it identifies

the surrogates and the mechanisms through which the treatment affects each long-term outcome,

allowing us to estimate the long-term treatment effect without waiting for the long-term outcome to

materialize. Second, it encodes the causal pathways linking the treatment, the surrogates, and the

long-term outcome: the aggregate effect can be decomposed along its constituent mechanisms, and

counterfactual program modifications can be evaluated using the learned graph, as will be discussed

in the remainder of the paper.
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5. Long-term Treatment Effect Identification with Surrogates

Building on the equivalence class G returned by COMB-PC, this section identifies the long-term

average treatment effect of 𝑊 on each outcome 𝑌𝑘 ∈Y. We first identify two objects off the learned

graph: a set of mediating surrogates and a post-treatment adjustment set that closes the remaining

noncausal paths to the outcome. We then combine them into a closed-form, non-parametric identi-

fication formula for the interventional distribution of 𝑌𝑘 (Proposition 1). Finally, we show that even

though the true graph is unknown, G delivers bounds on the long-term effect (Theorem 2).

5.1. Surrogate and Adjustment Sets from the Graph

We begin by formalizing two graphical objects derived from G: a surrogate set that intercepts

every directed effect of 𝑊 on 𝑌𝑘 , and a surrogate–outcome adjustment set that closes the remaining

noncausal paths between those surrogates and 𝑌𝑘 .

Definition 1 (Valid Surrogate Set). A set SG,𝑌𝑘 ⊆V \ ({𝑊}∪Y) is a valid surrogate set for

the effect of 𝑊 on a long-term outcome 𝑌𝑘 ∈Y in a DAG G if it satisfies:

(i) Sufficiency. SG,𝑌𝑘 intercepts every directed path from 𝑊 to 𝑌𝑘 in G.

(ii) Relevance. Every 𝑆 ∈ SG,𝑌𝑘 lies on some directed path from 𝑊 to 𝑌𝑘 in G.

Sufficiency ensures that conditioning on the surrogates captures all of the treatment’s directed effect

on 𝑌𝑘 ; relevance prevents the set from including variables that contribute nothing to that effect. A

valid surrogate set need not be unique: when the graph contains parallel mediating paths, several

distinct sets may satisfy both conditions, and Definition 1 admits all of them.

A valid surrogate set is necessary for identification but not sufficient. The relationship between the

surrogates in SG,𝑌𝑘 and the outcome 𝑌𝑘 may be confounded by other short-term variables, opening

backdoor paths from the surrogates to 𝑌𝑘 that pre-treatment covariates X alone cannot block, where

a backdoor path is a path whose first edge has an arrowhead into 𝑆 𝑗 .5 For each 𝑆 𝑗 ∈ SG,𝑌𝑘 , let

BG (𝑆 𝑗 ,𝑌𝑘) denote the set of backdoor paths from 𝑆 𝑗 to 𝑌𝑘 in G. We close these paths by augmenting

the surrogate set with a graph-derived adjustment set ZG,𝑌𝑘 , defined next.

Definition 2 (Valid Surrogate–Outcome Adjustment Set). Let SG,𝑌𝑘 ⊆ S be a valid

surrogate set for 𝑌𝑘 ∈ Y in graph G in the sense of Definition 1. A set ZG,𝑌𝑘 ⊆ S \ SG,𝑌𝑘 is a valid

surrogate–outcome adjustment set for (SG,𝑌𝑘 ,𝑌𝑘) in G if the following conditions hold:

(i) For every 𝑆 𝑗 ∈ SG,𝑌𝑘 , no element of ZG,𝑌𝑘 is a descendant of 𝑆 𝑗 in G.

(ii) For every 𝑆 𝑗 ∈ SG,𝑌𝑘 , every path in BG (𝑆 𝑗 ,𝑌𝑘) is blocked by X∪ZG,𝑌𝑘 ∪
(
SG,𝑌𝑘 \ {𝑆 𝑗}

)
.

(iii) Every path from 𝑊 to 𝑌𝑘 in the graph obtained from G by deleting all incoming arrows into

𝑊 is blocked by X∪ZG,𝑌𝑘 ∪ SG,𝑌𝑘 .

5 Due to space limitations, we formally define blocked paths, open paths, and backdoor paths in Appendix A.2.
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Definition 2 is the surrogacy analogue of Pearl’s backdoor criterion (Pearl 1995). Condition (i)

prevents adjustment on descendants of the selected surrogates. Condition (ii) closes surrogate–

outcome backdoor paths using X, the remaining selected surrogates, and ZG,𝑌𝑘 . Condition (iii) is

the adjusted surrogacy condition: after conditioning on X, SG,𝑌𝑘 , and ZG,𝑌𝑘 , treatment carries no

remaining open path to 𝑌𝑘 in the post-intervention graph.

W

X

S1

S2

S3

Y

Figure 2 A DAG where {𝑆1} is a valid surrogate set for 𝑌 in the sense of Definition 1, but there is a noncausal path

𝑆1← 𝑆2→𝑌 that the pre-treatment covariates X alone cannot block. Any valid surrogate–outcome adjustment set

ZG,𝑌 for ({𝑆1},𝑌 ) must therefore contain 𝑆2.

5.2. Identification under a Known Graph

We can now state the main identification result of this section. Following the surrogate-index litera-

ture (Athey et al. 2025), Assumption 8 imposes the standard support and comparability conditions

needed to combine the experimental and observational samples. Together with a valid surrogate set

SG,𝑌𝑘 and a valid surrogate–outcome adjustment set ZG,𝑌𝑘 , these identify the interventional distri-

bution 𝑃(𝑌𝑘 | 𝐷 = 𝐸,do(𝑊 = 𝑤)) from the experimental and observational samples, with no joint

observation of 𝑊 and 𝑌𝑘 required.6 Here do(𝑊 = 𝑤) denotes the intervention that sets the treatment

to 𝑤, the standard notation in graphical causal models (Pearl 2000); in the potential-outcomes

framework it corresponds to the potential outcome 𝑌𝑘 (𝑤), so that 𝑃(𝑌𝑘 | 𝐷 = 𝐸,do(𝑊 = 𝑤)) is the

distribution of 𝑌𝑘 (𝑤) in the experimental population. We use the do operator throughout, as is com-

mon in graphical causal models, but it can be interchanged with the potential-outcomes notation

𝑌𝑘 (𝑤). See Appendix A.2 for details on the do operator.

Assumption 8 (Comparability of Samples). For a graph G and an outcome 𝑌𝑘 ∈ Y, let

SG,𝑌𝑘 ⊆ S be a valid surrogate set for 𝑌𝑘 in G (Definition 1), and let ZG,𝑌𝑘 ⊆ S \ SG,𝑌𝑘 be a valid

surrogate–outcome adjustment set for (SG,𝑌𝑘 ,𝑌𝑘) in G (Definition 2). For every 𝑤 ∈ {0,1} and every

(x, z, s) such that 𝑃(X = x, ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s | 𝐷 = 𝐸,𝑊 = 𝑤) > 0, the following two conditions hold:

6 We state the result for discrete variables for notational clarity. For continuous variables, the sums are replaced by
integrals and the conditional probability 𝑃(𝑌𝑘 | X,ZG,𝑌𝑘 ,SG,𝑌𝑘 ) by a conditional expectation or density.
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(i) The conditional distribution of 𝑌𝑘 given X, ZG,𝑌𝑘 , and SG,𝑌𝑘 is the same in the experimental

and observational samples:

𝑃(𝑌𝑘 = 𝑦 | 𝐷 = 𝐸, X = x, ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s) = 𝑃(𝑌𝑘 = 𝑦 | 𝐷 =𝑂, X = x, ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s).

(ii) The observational sample has support at (x, z, s): 𝑃(X = x, ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s | 𝐷 =𝑂) > 0.

Proposition 1 (Long-Term Treatment Effect Identification). For a graph G and an out-

come 𝑌𝑘 ∈Y, let SG,𝑌𝑘 and ZG,𝑌𝑘 be a valid surrogate set and a valid surrogate–outcome adjustment

set for (SG,𝑌𝑘 ,𝑌𝑘) in G, respectively. Under Assumptions 1, 2, 3, 4, 6, and 8, the interventional

distribution of 𝑌𝑘 in the experimental population is identified, for each 𝑤 ∈ {0,1}, by

𝑃(𝑌𝑘 = 𝑦 | 𝐷 = 𝐸, do(𝑊 = 𝑤)) =
∑︁
x

∑︁
z∈𝒵G,𝑌𝑘
s∈𝒮G,𝑌𝑘

𝑃(𝑌𝑘 = 𝑦 | 𝐷 =𝑂, X = x, ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s)

× 𝑃(ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s | 𝐷 = 𝐸, 𝑊 = 𝑤, X = x) × 𝑃(X = x | 𝐷 = 𝐸),
(1)

where 𝒮G,𝑌𝑘 and 𝒵G,𝑌𝑘 denote the supports of SG,𝑌𝑘 and ZG,𝑌𝑘 , respectively.

Proposition 1 identifies the long-term effect of 𝑊 on each 𝑌𝑘 by combining an outcome model from

the observational sample, a joint surrogate–adjustment model from the experimental sample, and

the marginal distribution of pre-treatment covariates, with no joint observation of𝑊 and 𝑌𝑘 required.

This result extends the surrogate-index framework of Athey et al. (2019) in two respects. First, we

augment the surrogate set with a graph-derived adjustment set ZG,𝑌𝑘 that blocks noncausal paths

through post-treatment confounders, which no pre-treatment adjustment alone can block. Second,

surrogacy is derived rather than assumed: Athey et al. (2019) take a surrogate set S together with

the validity as primitives, whereas we split this set into a mediating surrogate set SG,𝑌𝑘 (Definition 1)

and a surrogate–outcome adjustment set ZG,𝑌𝑘 (Definition 2), both read off the graph; the required

conditional independence then follows from the graphical structure.

5.3. Identification under Graph Uncertainty

With Proposition 1 established, we next turn to recovering the average treatment effect using the

graphs G returned by COMB-PC. Let 𝜏G,𝑌𝑘 denote the average treatment effect of𝑊 on outcome 𝑌𝑘 ∈
Y in graph G, defined as 𝜏G,𝑌𝑘 =

∑
𝑦𝑘∈𝒴𝑘

𝑦𝑘 ·
(
𝑃(𝑌𝑘 = 𝑦𝑘 | 𝐷 = 𝐸,do(𝑊 = 1)) −𝑃(𝑌𝑘 = 𝑦𝑘 | 𝐷 = 𝐸,do(𝑊 =

0))
)
. If we had access to the true graph G∗, 𝜏G∗,𝑌𝑘 would be directly identified by Proposition 1.

Since G∗ is unknown, we instead work with the equivalence class G returned by COMB-PC. Our

next result bounds 𝜏G∗,𝑌𝑘 by the minimum and maximum of the candidate effects {𝜏G,𝑌𝑘 }G∈G.

Theorem 2 (Bounds on the True Average Treatment Effect) Suppose Assumptions 1, 2, 3,

4, 5, 6, 7, and 8 hold. Let G be the set of graphs returned by the COMB-PC algorithm. For each
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G ∈G and each 𝑌𝑘 ∈Y, let 𝜏G,𝑌𝑘 denote the candidate average treatment effect obtained by applying

Proposition 1 to G with a valid surrogate set SG,𝑌𝑘 and a valid surrogate–outcome adjustment set

ZG,𝑌𝑘 . Then, for every 𝑌𝑘 ∈Y, we have minG∈G 𝜏G,𝑌𝑘 ≤ 𝜏G∗,𝑌𝑘 ≤ maxG∈G 𝜏G,𝑌𝑘 .

Theorem 2 bounds the true long-term effect 𝜏G∗,𝑌𝑘 using the equivalence class G, enabling assess-

ment of an intervention’s long-term impact without waiting for 𝑌𝑘 to materialize. We next turn to

improving that impact through program redesign, which is the focus of the rest of the paper.

6. Graph-Constrained Counterfactual Evaluation

A program’s design choices are made years before its long-term outcomes can be measured, so

in designing the next iteration the policymaker must decide which features to strengthen before

knowing which ones carry the durable effects. Suppose the policymaker is considering a menu of

feasible program modifications, each strengthening the treatment’s effect on a particular short-term

variable. Strengthening the channels behind the largest short-term gains is a natural starting point,

but these are not always the channels that drive long-term effects: a short-term response can be

large early on and still fade by the long-term horizon. The goal of this section is to identify the

long-term impact of each modification and help select the one that yields the largest improvement

in long-term outcomes.

The surrogate literature has so far been concerned with estimating the long-term effect of a fixed

treatment. We instead compare alternative modifications of that treatment, which requires tracing

how a change in a targeted short-term variable propagates to the long-term outcome. The graph-

ical approach makes this explicit: the graph specifies the downstream relationships and identifies

the paths through which a change in a targeted variable reaches the outcome. To exploit this, in

Section 6.1 we layer a graph-constrained linear structural equation model on each candidate graph,

assigning coefficients to the directed edges and yielding path-specific effects from short-term vari-

ables to long-term outcomes. We represent each modification as a modular change to the targeted

variables’ structural equations and, because COMB-PC returns an equivalence class of graphs, eval-

uate it across them, selecting the alternative with the highest worst-case improvement.

6.1. Graph-Constrained Decomposition of Treatment Mechanisms

The mechanism analysis proceeds in two steps. For a graph G, we adopt a linear structural equations

model (SEM) to quantify the strength of every directed edge and derive the model-implied effect

of a program modification on the long-term outcomes. The SEM lets us trace how a change in

the program’s effect on a short-term variable 𝑆 𝑗 reaches a long-term outcome 𝑌𝑘 in G. The next

subsection handles graph uncertainty by comparing these graph-specific effects across all G ∈G.

In a graphical causal model, the graph represents the data-generating process: each variable is

generated by a structural equation whose arguments are its parents in the graph (Pearl 2000). For
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a candidate graph G ∈G and each post-treatment variable 𝑉 𝑗 ∈ S∪Y, the graph-constrained linear

specification is

𝑉 𝑗 = 𝛼
G
𝑗
+

∑︁
𝑉𝑖∈PaG (𝑉𝑗 )

𝛽
G
𝑉𝑖 ,𝑉𝑗

𝑉𝑖 + 𝜀G𝑗 , (2)

where 𝛼
G
𝑗
∈ R is the graph-specific intercept and 𝛽

G
𝑉𝑖 ,𝑉𝑗

∈ R is the graph-specific coefficient on the

edge 𝑉𝑖→𝑉 𝑗 . The error term satisfies the conditional mean-zero condition E
[
𝜀
G
𝑗
| PaG (𝑉 𝑗)

]
= 0.

Under this specification, the graph G determines which variables enter each equation, and the

linear SEM assigns a scalar coefficient to each directed edge. The intercepts and coefficients carry

the superscript G because the regressors entering each equation are determined by the parent set

PaG (𝑉 𝑗), which depends on the graph. When G = G∗ and the true structural equations are linear in

their parents, the coefficients recover the true direct causal effects (Pearl 2000). The equations are

estimated from the sample that jointly observes each node and its parents. Equations for short-term

variables are estimated from the experimental sample, where X, 𝑊 , and S are jointly observed.

Equations for long-term outcomes are estimated from the observational sample, where X, S, and

Y are jointly observed. Assumption 1 justifies this split by requiring the structural equations for

variables in V \ {𝑊} to be invariant across the two samples.

Evaluating the effect of a program modification on a long-term outcome requires two components:

a downstream causal map from short-term variables to the outcome, and a characterization of how

the modification alters the first-stage coefficients. We develop each in turn. For each pair (𝑆 𝑗 ,𝑌𝑘),
let Γ𝑆 𝑗 ,𝑌𝑘 ,G denote the downstream SEM-implied total causal effect of 𝑆 𝑗 on 𝑌𝑘 in G. This quantity

measures the change in 𝑌𝑘 induced by a one-unit increase in 𝑆 𝑗 . Let PG (𝑆 𝑗 ,𝑌𝑘) be the set of directed

paths from 𝑆 𝑗 to 𝑌𝑘 in G. For a path 𝑝, write (𝑈→ 𝑉) ∈ 𝑝 to denote a directed edge that lies on

that path. The contribution of path 𝑝 is the product of the structural coefficients on its edges.

Therefore, Γ𝑆 𝑗 ,𝑌𝑘 ,G =
∑
𝑝∈PG (𝑆 𝑗 ,𝑌𝑘 )

∏
(𝑈→𝑉 ) ∈𝑝 𝛽

G
𝑈,𝑉

. If there is no directed path from 𝑆 𝑗 to 𝑌𝑘 in G,

we set Γ𝑆 𝑗 ,𝑌𝑘 ,G = 0. Thus, Γ𝑆 𝑗 ,𝑌𝑘 ,G aggregates both the direct effect of 𝑆 𝑗 on 𝑌𝑘 , when 𝑆 𝑗 → 𝑌𝑘 is

present, and all indirect effects transmitted through directed paths from 𝑆 𝑗 to 𝑌𝑘 . This construction

gives, for each candidate graph G, the downstream causal effect from any short-term variable 𝑆 𝑗 to

any long-term outcome 𝑌𝑘 .

We now use the SEM to evaluate program modifications. Let R = {𝑟1, . . . , 𝑟𝐻 } denote the menu of

feasible program modifications, where each alternative 𝑟ℎ = (Aℎ, 𝜹ℎ) specifies a set Aℎ ⊆ {1, . . . , 𝑚}
of targeted short-term variables and quantities 𝛿ℎ

𝑗
≥ 0 for 𝑗 ∈ Aℎ. Within the SEM, the first-stage

effect of the program on 𝑆 𝑗 is the coefficient 𝛽
G
𝑊,𝑆 𝑗

on 𝑊 in 𝑆 𝑗 ’s structural equation, and each

modification 𝑟ℎ adjusts this coefficient by 𝛿ℎ
𝑗

for the variables in Aℎ. Under 𝑟ℎ, the structural

equation for each targeted 𝑆 𝑗 becomes

𝑆 𝑗 = 𝛼
G
𝑗
+

∑︁
𝑉𝑖∈PaG (𝑆 𝑗 )

𝛽
G
𝑉𝑖 ,𝑆 𝑗

𝑉𝑖 + 𝛿ℎ𝑗𝑊 + 𝜀
G
𝑗
, (3)
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with all other structural equations unchanged. When 𝑊→ 𝑆 𝑗 is in G, the effective first-stage coeffi-

cient on 𝑊 becomes 𝛽
G
𝑊,𝑆 𝑗
+ 𝛿ℎ

𝑗
, strengthening the existing first-stage effect. When 𝑊→ 𝑆 𝑗 is not in

G (so 𝛽
G
𝑊,𝑆 𝑗

= 0), it becomes 𝛿ℎ
𝑗
, introducing a new first-stage effect on 𝑆 𝑗 . With this, we can charac-

terize the long-term consequence of a program modification under graph G. Holding the downstream

SEM fixed, the incremental SEM-implied effect of policy alternative 𝑟ℎ on outcome 𝑌𝑘 is therefore

Δ𝑌𝑘 ,G (𝑟ℎ) =
∑
𝑗∈Aℎ 𝛿ℎ𝑗 Γ𝑆 𝑗 ,𝑌𝑘 ,G.

When program modifications affect several long-term outcomes, the policymaker can either com-

bine these outcomes into a single scalar via weights or evaluate each outcome separately. We adopt

the former for the remainder of this section. The weights 𝑤𝑘 ∈ R represent the policymaker’s relative

priorities across outcomes and are typically elicited directly from the policymaker. Under a fixed

graph G, the weighted gain from modification 𝑟ℎ is therefore ΔG (𝑟ℎ) =
∑𝐾
𝑘=1𝑤𝑘 Δ𝑌𝑘 ,G (𝑟ℎ).

6.2. Robust Counterfactual Program Selection

Now that we have characterized the gain from a program modification under a fixed graph G, we

must account for graph uncertainty. Because COMB-PC returns an equivalence class G rather than

a single graph,the same policy alternative 𝑟ℎ must be evaluated over all candidate mechanisms. The

alternative itself does not change across graphs: it targets the same short-term variables and specifies

the same first-stage changes 𝜹ℎ. What may change is how those targeted variables propagate to the

long-term outcomes, because the downstream effects Γ𝑆 𝑗 ,𝑌𝑘 ,G depend on the directed paths in G.

To formalize this, for a fixed program modification 𝑟ℎ and outcome 𝑌𝑘 , evaluating the modification

over the equivalence class gives the graph-indexed collection
{
Δ𝑌𝑘 ,G (𝑟ℎ) : G ∈G

}
. These gains are

identical only when the targeted short-term variables have the same downstream effects across all

graphs in G. Otherwise, different orientations of the undirected edges across G can produce different

Γ𝑆 𝑗 ,𝑌𝑘 ,G and therefore can yield different predicted gains from the same program modification. The

following proposition formalizes this graph dependence for a single outcome.

Proposition 2 (Graph dependence of the policy gain). There exist data-generating pro-

cesses satisfying Assumptions 1 - 8 for which COMB-PC returns a set of graphs G containing two

graphs G and G′ such that, under the graph-constrained linear SEM in (2), there exist a program

modification 𝑟ℎ = (Aℎ, 𝜹ℎ) and an outcome 𝑌𝑘 ∈Y for which Δ𝑌𝑘 ,G (𝑟ℎ) ≠ Δ𝑌𝑘 ,G′ (𝑟ℎ).

Proposition 2 reflects a limit of observational identification: the Markov equivalence class encodes

the conditional-independence structure of the data but does not pin down the structural quantities

on which counterfactual policy effects depend. Two graphs that are indistinguishable from the

observed distribution can still disagree on Δ𝑌𝑘 ,G (𝑟ℎ). Appendix E illustrates this with an example.

To account for this graph uncertainty, the policymaker can select the graph from G that best

aligns with their understanding of the underlying mechanism, place a prior over G and rank mod-

ifications by their prior-weighted expected gain, or take the worst-case gain across G and select
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the modification that maximizes it. We adopt the worst-case rule for the remainder of this section.

For a program like YOP, where modifications are expensive to deploy and difficult to undo, this

guards against committing to an alternative that looks promising under one candidate mechanism

but underperforms under another that fits the data equally well. This is the same minimax logic

emphasized in policy-learning work such as Kitagawa and Tetenov (2018), where treatment rules

are evaluated by their worst-case welfare regret rather than by performance under a single data-

generating process. Formally, the policymaker selects ℎ★ ∈ argmaxℎ∈{0,1,...,𝐻 }minG∈GΔG (𝑟ℎ). The

status quo 𝑟0 — defined by A0 = ∅, with ΔG (𝑟0) = 0 for every G ∈G — is retained in the menu so

that the selected modification has nonnegative worst-case gain by construction.

The following theorem formalizes this worst-case guarantee for the true graph G∗.

Theorem 3 (Worst-case guarantee) Suppose Assumptions 1 - 8 hold and the post-treatment

structural equations are linear in their parents. Then for every program modification 𝑟ℎ,

minG∈GΔG (𝑟ℎ) ≤ ΔG∗ (𝑟ℎ) ≤ maxG∈GΔG (𝑟ℎ), and for any ℎ★ ∈ argmaxℎ∈{0,1,...,𝐻 }minG∈GΔG (𝑟ℎ),
ΔG∗ (𝑟ℎ

★) ≥minG∈GΔG (𝑟ℎ
★) ≥ 0.

Theorem 3 formalizes the implications of the decision rule: the worst-case gain is a lower bound on

the impact a policymaker can expect under the true graph. The next section applies this framework

— a graph-based mechanism decomposition and counterfactual evaluation– to the Uganda Youth

Opportunities Program, where short-term data are used to recover the nine-year evaluation pattern.

7. From Surrogate Validation to Program Redesign: The Uganda Youth
Opportunities Program

The Uganda Youth Opportunities Program (YOP) is a near-ideal setting in which to evaluate

our proposed methodology. Implemented by the Government of Uganda in 2008 with World Bank

support (Blattman et al. 2020), YOP gave one-time cash grants of approximately $400 per person

(i.e., a sum roughly equal to recipients’ annual income) to groups of underemployed young adults

proposing to set themselves up as independent craftspeople in skilled trades such as carpentry,

tailoring, and metalwork. Among eligible applicants, grants were randomly assigned: those selected

received the cash transfer, while the rest served as controls. Surveys were conducted to measure

livelihood outcomes two, four, and nine years after the grants were disbursed. Randomized panels

of this length are rare in development field experiments, and the YOP panel is methodologically

valuable for a reason that goes beyond data availability: because both short-term and long-term

results are observed, we can test whether our framework would have raised an early warning that

the program’s initial gains might not persist.

At four years, YOP looked like a clear success. Blattman et al. (2020) report that, relative to the

randomized control group, treated individuals reported 17% more work hours, 38% higher earnings,



23

and 11% higher consumption, alongside large increases in business capital and entry into skilled

trades. By year 9, however, most of these gains had dissipated. Control-group participants eventually

found wage work and accumulated capital on their own, and the two groups converged on earnings,

consumption, and total employment. Lasting effects appeared only on a narrower set of outcomes

such as durable assets and sustained occupation in a skilled trade. This raises the question our

framework is designed to answer: could we have learned from the year-4 data alone what the year-9

follow-up eventually revealed? And can the short-term responses be decomposed into those that

carry the program’s durable effects and those that carry only its transient ones?

Specifically, we use the YOP data to address three questions. First, can the proposed framework

recover the year-nine treatment effects from the year-two and year-four survey results alone, without

waiting nine years? This is the basic identification test: using only the four-year data, the framework

should reproduce the year-nine pattern of effects — both where lasting gains emerged and where

they did not. Second, can we come to this conclusion based solely on two year data? If so, COMB-PC

can allow policymakers to make informed decisions sooner. Third, how can we leverage the learned

graph, which encodes the causal mechanisms, to redesign more effective future programs? Because

the framework returns a graph in addition to a point estimate, it supports a counterfactual inference

that ranks modifications by their predicted year-9 gain, identifying which short-term mechanisms

are the highest-leverage targets when scaling similar programs.

7.1. Empirical Setup

The full sample contains 2,677 individuals in 535 groups across 14 northern Ugandan districts;

265 groups were randomly assigned to receive a grant.7 Participants were surveyed at baseline and

again at roughly two, four, and nine years post-disbursement. The pre-treatment covariate set X

comprises 37 baseline variables. These include standard demographics (age, gender, urban residence),

human-capital measures (education, literacy, numeracy, prior vocational training), economic status

(wealth, savings, baseline earnings, credit access, work hours by sector), and group-level features

of the grant application (group size and composition, prior group existence, leadership, district

stratum). The candidate surrogate set S contains 17 intermediate outcomes from the year-two and

year-four surveys. At year two: enrollment in vocational training, return to school, hours of training

received, value of business assets, weekly hours worked, having a non-agricultural main occupation,

working in any skilled trade, and self-reported monthly earnings. At year four: monthly net earnings,

nondurable consumption, value of durable assets, weekly hours worked, having a non-agricultural

main occupation, working in any skilled trade, working more than thirty hours per week in a skilled

7 We use the replication data from Blattman et al. (2020), publicly archived at the Harvard Dataverse (Innovations
for Poverty Action collection): https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/
V0N0HA.

https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/V0N0HA
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/V0N0HA
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trade, weekly hours spent on household chores, and hourly earnings. The long-term outcome set

Y comprises the year-9 outcomes: monthly net earnings, nondurable consumption, durable assets,

average weekly employment hours, employment outside of agriculture, any skilled trade work, full-

time skilled-trade work (30+ hours per week), weekly hours spent on chores, and earnings per hour.
8 Throughout this section, 𝑊 denotes randomized assignment to the grant.

The COMB-PC framework requires two samples: an experimental sample containing (𝑊,X,S),
which includes both the 2- and 4-year surrogates but withholds the long-term outcomes Y, and an

observational sample containing (X,S,Y) but withholding 𝑊 . We construct these by partitioning the

14 districts in the YOP sample into two disjoint groups of seven, with the experimental sample drawn

from Arua, Kumi, Moroto, Moyo, Nakapiripirit, Nebbi, and Yumbe (𝑛 = 1,017) and the observational

sample from Adjumani, Apac, Kaberamaido, Kotido, Lira, Pallisa, and Soroti (𝑛 = 1,660). Note that

the geographic split is deliberately more demanding than an individual-level random split: the long-

term outcome model must transport across geographic units rather than reuse units that appear in

both samples. In fact, a similar experimental–observational separation underlies the surrogate-index

analyses in seminal papers by Athey et al. (2019) and Imbens et al. (2022).

7.2. Can Short-Term Surrogates Recover the Year-Nine Benchmark?

First, we ask whether our framework, using the year-two and year-four outcomes, can recover the

year-nine intent-to-treat (ITT) estimates of Blattman et al. (2020). We first apply the COMB-

PC algorithm to the experimental and observational samples, testing conditional independence at

significance level 0.05 using partial correlations, to learn the causal graph over the pre-treatment

covariates, candidate surrogates, and long-term outcomes. COMB-PC returns a unique graph for

the YOP data, so the bounds of Theorem 2 collapse to a point. We identify valid surrogate–control

pairs from this graph via Definition 2 and estimate the year-nine treatment effect via Proposition 1.

Standard errors for treatment effect estimates are computed from 500 bootstrap resamples.

Table 1 compares the nine-year treatment effects obtained from our estimation procedure to

the benchmark. We also compare to a full-surrogate setting, where we use Proposition 1 with all

candidate surrogates and all pre-treatment covariates without graphical selection. The first column

reports the benchmark treatment effect estimates with their significance levels, the second column

reports the same values estimated using our graph-selected surrogate and covariate set, and the

third column reports these values estimated with the full set of surrogates and covariates.

In the field experiment, the short- and medium-term gains from YOP largely fade by year nine for

earnings, consumption, and employment, while effects persist for durable assets and skilled-trade

attachment (Blattman et al. 2020). Our COMB-PC-based estimator recovers this pattern. For the

8 See Blattman et al. (2020) for full set of covariates and variable definitions.



25

Table 1 Recovering the Nine-Year ITT Estimates from a Geographic District Split

Year-9 outcome
Field Experiment

ITT
Graph-selected

estimator
Full-surrogate

estimator

Economic outcomes
Monthly net earnings 4.170 0.000 6.380

Nondurable consumption 2.730 0.000 15.030∗

Durable assets 0.116∗∗ 0.053∗∗ 0.115∗∗∗

Employment and occupation
Avg. employment hrs/wk 0.513 0.000 2.140

Main occupation non-agri. 0.029 0.000 0.050∗∗

Avg. chores hrs/wk −0.117 0.000 0.114

Avg. earnings/hr 0.009 0.000 0.011

Skilled-trade attachment
Engaged in any skilled trade 0.197∗∗∗ 0.117∗∗∗ 0.137∗∗∗

Works 30+ hrs/wk skilled 0.029∗∗∗ 0.025∗∗ 0.029∗∗

Notes. Experimental sample: (𝑛 = 1,017), drawn from seven districts containing (𝑊,X,S). Observational

sample:(𝑛 = 1,660), drawn from the remaining seven districts containing (X,S,Y). No individual appears in

both samples. A value of 0.000 in the graph-selected column indicates that COMB-PC identifies no directed

causal path from treatment to the corresponding long-term outcome; the estimate is therefore a structural

zero implied by the learned graph rather than a rounded numerical estimate. Significance is denoted by
∗𝑝 < 0.10, ∗∗𝑝 < 0.05, and ∗∗∗𝑝 < 0.01.

outcomes with statistically significant field experiment ITT estimates — durable assets, engagement

in skilled trade, and full-time skilled-trade work — the graph-selected estimator returns statistically

significant effects, though smaller in magnitude, a consequence of pruning weak channels during

graph learning. For the remaining outcomes, where ITT estimates are statistically insignificant,

COMB-PC does not identify a directed path from the treatment to the long-term outcome, and

the estimator returns a structural zero, reflecting the absence of a treatment-to-outcome channel

in the learned causal graph. The full-surrogate estimator produces a different, less reliable pattern.

It implies statistically significant effects on nondurable consumption and employment outside of

agriculture, though neither is significant in the randomized benchmark. This discrepancy illustrates

the risk of treating all post-treatment variables as valid surrogates without imposing causal structure.

Post-treatment variables may predict long-term outcomes, but need not mediate the treatment

effect. An estimator that conditions on all candidate variables can therefore introduce bias by

opening noncausal paths or adjusting for variables that do not belong in the surrogate set. The

comparison shows that the learned causal graph plays a substantive role in separating valid surrogate

channels from merely predictive post-treatment variables.
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7.3. Earlier Decisions: Two-Year Surrogates Are Sufficient

We want to understand whether our procedure would enable policymakers to make consequential

decisions on whether to continue, scale, redesign, or terminate interventions even earlier. To examine

this directly, we restrict the candidate surrogate set S to the eight variables measured at year 2 and

remove all year-4 variables from consideration. The aim is to understand whether we would be able

to recover the same results on long-term efficacy even more quickly.

The graph learning and estimation procedures remain the same as in Section 7.2, except the

available surrogate outcomes are restricted to the year-2 surrogates alone. Table 2 reports the results

of this analysis. Once again, the first column reports the benchmark treatment effect which remains

the same, while the second column reports the results from using this more restricted graph-selected

surrogate and covariate set, and the third column reports the results from using all 2-year surrogates

and all covariates.

Table 2 Recovering the Nine-Year ITT Estimates from a Geographic District Split Using Only Two-Year Surrogates

Year-9 outcome
Field Experiment

ITT
Graph-selected

estimator
Full-surrogate

estimator

Economic outcomes
Monthly net earnings 4.172 0.000 4.727

Nondurable consumption 2.726 0.000 8.624

Durable assets 0.116∗∗ 0.052∗∗ 0.070∗∗

Employment and occupation
Avg. employment hrs/wk 0.513 0.000 1.261

Main occupation non-agri. 0.029 0.000 0.049∗∗

Avg. chores hrs/wk −0.117 0.000 0.089

Avg. earnings/hr 0.009 0.000 −0.032
Skilled-trade attachment

Engaged in any skilled trade 0.197∗∗∗ 0.095∗∗∗ 0.102∗∗∗

Works 30+ hrs/wk skilled 0.029∗∗∗ 0.015∗ 0.015∗

Notes. Experimental sample: (𝑛 = 1,017), drawn from seven districts containing (𝑊,X,S𝑡=2), which only includes

2-year surrogate outcomes. Observational sample:(𝑛 = 1,660), drawn from seven districts containing (X,S𝑡=2,Y),
again only including 2-year surrogate outcomes. Significance is denoted by * 𝑝 < 0.10, ** 𝑝 < 0.05, and ***

𝑝 < 0.01.

Our COMB-PC-based estimator once again recovers all three persistent effects identified in the

randomized benchmark of Blattman et al. (2020) with the correct sign and statistical significance.

For every outcome where the field experiment ITT is statistically insignificant, COMB-PC yet again

identifies no directed path from the treatment to the long-term outcome, and the estimator returns

a structural zero. Our framework therefore reproduces the conclusions of the nine-year evaluation

using only data observed within two years of grant disbursement. In contrast, using all-candidate

surrogates and covariates identifies one significant effect that does not appear in the benchmark.
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Table 3 Most Important Directed Pathways from Treatment to Year-9 Outcomes Using Year-2 Surrogates

Directed pathway Pathway contribution

Panel A. Durable assets at year 9

𝑊→ vocational training𝑡=2 → outcome 0.020

Panel B. Engagement in any skilled trade at year 9

𝑊→ vocational training𝑡=2 → outcome 0.045

𝑊→ vocational training𝑡=2 → skilled trade𝑡=2 → outcome 0.037

𝑊 → vocational training𝑡=2 → training hours𝑡=2 → skilled trade𝑡=2
→ outcome

0.012

𝑊→ training hours𝑡=2 → skilled trade𝑡=2 → outcome 0.005

Panel C. Full time employment in a skilled trade at year 9

𝑊→ vocational training𝑡=2 → skilled-trade work𝑡=2 → outcome 0.012

𝑊 → vocational training𝑡=2 → training hours𝑡=2 → skilled-trade
work𝑡=2 → outcome

0.004

𝑊→ training hours𝑡=2 → skilled-trade work𝑡=2 → outcome 0.002

Notes. Each row reports the product of structural coefficients along a single directed path from treatment

assignment, 𝑊 , to the year-9 outcome named in the corresponding panel header.

Notably, point estimates are modestly attenuated when year-4 information is withheld, a pattern

consistent with the additional predictive content carried by intermediate outcomes closer to year 9,

but the pattern of significance is unchanged. The two-year surrogate structure is therefore suffi-

cient for the identification task: restricting attention to the earliest measurements reduces precision

somewhat but does not change the substantive conclusions of the nine-year-surrogate analysis.

7.4. What Drives the Long-Term Effects?

After validating the learned graph against the nine-year benchmark, we use it to examine the

channels through which the persistent effects arise. Specifically, we estimate graph-constrained linear

structural equation models as outlined in Section 6. We then look at the directed paths from 𝑊

to each persistent outcome. To focus on the earliest available signals, we restrict the candidate

surrogate set to year-2 variables.

Table 3 reports the mechanisms by which the treatment affects the outcomes via surrogates

observable at the two-year mark as well as the size of their impact. For durable assets at year 9, the

only mechanism is through vocational training at year 2. For engagement in a skilled trade at year

9, among the four mechanisms, three of them are mediated by the first-stage effect of treatment on

vocational training at year 2. The remaining pathway runs through training hours at year 2, with a

much smaller share of the total effect. We see a similar pattern for the long-term outcome of full-time

skilled trade work. There are three mechanisms, two of which are mediated by the first-stage effect of

treatment on vocational training at year 2, while the remaining mechanism is mediated by the first-

stage effect of treatment on training hours at year 2. The decomposition reveals a consistent pattern
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across the persistent outcomes. These mechanisms show that lasting impacts are mediated through

vocational training enrollment at year 2. Other year-2 variables, such as training hours and early

skilled-trade participation, operate mainly as downstream amplifiers that transmit and reinforce the

effect from the initial training channel. These results for all outcomes show that vocational training

and, to a lesser extent, training hours are essential to achieving lasting results. The graph also shows

which short-term variables do not carry the program’s lasting effect. The responses that made YOP

look successful early on—more business assets, higher earnings, more hours worked, and a shift out

of agriculture—are not on any causal path from the grant to the year-9 outcomes that persist.

7.5. Where Should a Redesigned Program Push Harder?

The decomposition in Section 7.4 identifies the mechanisms through which the treatment affects

long-term outcomes. This naturally motivates the program-design counterfactual analysis that we

illustrate in this subsection. Specifically, we ask how much the year-9 treatment effect would increase

if the program had a 10% larger first-stage effect on a specific year-2 mechanism. This counterfactual

has a direct operational interpretation. For example, strengthening the first-stage effect from treat-

ment assignment, 𝑊 , to vocational training enrollment corresponds to a redesigned YOP variant

that more effectively encourages grant recipients to engage in vocational training. Such a redesign

could involve enrollment vouchers, transportation support, or facilitating connections to local train-

ing providers. Strengthening the first-stage effect of 𝑊 on training hours, by contrast, corresponds

to a variant that increases training intensity without necessarily increasing training uptake.

Table 4 compares the impact of improving first-stage effects on vocational training and training

hours for each persistent year-9 outcome. The table reports the percentage increase in the SEM-

implied year-9 treatment effect when the relevant first-stage relationship is strengthened by 10%.

Because vocational training enrollment is the only mechanism mediating the effect of treatment on

durable assets, a 10% stronger first-stage effect on it translates into a 10% increase in the year-9

effect on durable assets. For the other two long-term outcomes, engagement in skilled trade and full

time employment, vocational training mediates the majority of the effect, so with a 10% increase

in first-stage effect on vocational training we see improvements of 9.8% and 9.6%, respectively. In

contrast, training hours mediates less of the effect and therefore strengthening the program’s effect

on this variable produces only small additional gains, increasing the year-9 effects on skilled-trade

engagement and full-time skilled-trade work by 0.2% and 0.4%, respectively.

This asymmetry is informative for policy design. The results suggest that the most impactful

mechanism through which the program generates persistent effects is enrollment in vocational train-

ing. When we increase the impact of treatment on vocational training, that in itself will already

induce a downstream effect on training hours. Once that enrollment decision has been made,
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Table 4 Counterfactual Gains from Redesigning the YOP Program

Increase in year-9 effect

Year-9 outcome
10% stronger effect on
vocational training𝑡=2

10% stronger effect on
training hours𝑡=2

Durable assets 10.0% n/a
Engaged in any skilled trade 9.8% 0.2%

Full time employment in skilled trade 9.6% 0.4%

Notes. Each cell reports the percentage increase in the SEM-implied year-9 treatment effect when the

program’s first-stage effect on the indicated year-2 mechanism is increased by 10%. The entry n/a indicates

that the strengthened mechanism does not lie on a directed path to the corresponding outcome in the learned

graph. Bold entries denote the larger counterfactual gain for each outcome.

marginal increases in training hours appear to add comparatively little to long-term outcomes. With

these findings, as long as the cost of increasing vocational training uptake is not dramatically larger

than the cost of increasing training hours, increasing vocational training uptake is also the more

cost-effective of the two intervention pathways. Thus, committing resources to better enable grant

recipients to enroll in training would yield the largest return on investment.

8. Discussion and Conclusions

Welfare outcomes materialize over many years, whereas decisions about the programs designed to

improve them are made on much shorter time horizons. This timing gap is a central operational

challenge of long-term program evaluation, particularly in development contexts, where fragmented

administrative data, attrition, and short political and funding cycles are binding frictions. Our

framework addresses these frictions by combining short-term experimental data with observational

data to recover two objects: an estimate of the long-term treatment effect and a map of the causal

mechanism through which the treatment produces this effect. Existing surrogacy methods recover

only the first; recovering the second enables a shift from evaluation to improvements in design,

allowing program designers to concentrate the next variant on the short-term responses that mediate

the long-term effect. In the YOP application, the learned graph identifies year-2 vocational training

enrollment as the dominant mediator of the program’s persistent effects on durable assets and

skilled-trade attachment, pointing to design components such as enrollment vouchers, transportation

support, and direct matching with training providers. Two years of post-treatment measurement,

combined with observational data on the long-term outcome, suffice to recover the persistent effects

established at the nine-year follow-up — letting policymakers decide whether to continue, scale,

redesign, or terminate an intervention seven years earlier than the randomized benchmark would

permit. The framework is an instance of bottom-up theory building in development operations

(Eftekhar et al. 2026): grounded in a concrete operational problem but applicable beyond it.
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Our work on recovering mechanisms from short-term data is a starting point, and several exten-

sions would make it more broadly applicable. First, the framework currently ranks a fixed menu

of program modifications by worst-case welfare gain across the equivalence class; reformulating

this as an optimization problem over a richer space of modifications, subject to cost and feasi-

bility constraints, would let it propose optimal refinements rather than rank prespecified ones.

Second, the YOP application shows that two-year measurement suffices to recover the nine-year

effect pattern, but how this generalizes is not yet known; characterizing the minimum measurement

window required for credible long-term forecasts would help policymakers gauge how quickly they

can act. Finally, the mechanism-targeted recommendations are graph-constrained predictions; the

natural validation is a randomized comparison of the original program against a variant designed

to strengthen the identified mechanism.
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Appendix
A. Graphical Causal Models

Graphical causal models (Pearl, 2000; Spirtes et al., 2000) use directed graphs to represent causal

relationships among multiple variables. Let G = (V,E) be a directed graph, where V denotes a set

of nodes and E represents the set of edges, such that E ⊆ V ×V. In this graphical representation,

each edge in G signifies a direct causal connection between the corresponding nodes.

We next define some graphical preliminaries that are used throughout the paper. Any two nodes

𝑋 and 𝑌 are called adjacent if there is an edge 𝑋→𝑌 or 𝑋←𝑌 in the corresponding graph G. The

parents and children of a node 𝑋 represent its direct causes and effects, respectively, in the graph

G. We say that a node 𝑌 is a collider on a path if its adjacent edges point into 𝑌 , i.e., →𝑌 ←. A

noncollider on a path is a node 𝑌 that is either a mediator (→𝑌→) or a common cause (←𝑌→).

In Figure A1(a), node 𝑌 is a collider on path 𝑋→𝑌← 𝑍 , in Figure A1(b) node 𝑌 is a mediator on

path 𝑋→𝑌→ 𝑍 , and in Figure A1(c) node 𝑌 is a common cause on path 𝑋←𝑌→ 𝑍 . A v-structure,

also known as an unshielded collider, is a specific configuration of nodes in a graph. A v-structure

consists of two parent nodes directing edges towards a common child node, without an edge between

the parents, forming a "V" shape. Any node that is connected to node 𝑋 by a directed path is called

a descendant of 𝑋, while any node connected to 𝑋 by a directed path is an ancestor of 𝑋. We refer

to the skeleton of a graph G as the undirected graph obtained by replacing directed edges in G with

undirected edges. For instance, while the edge orientations vary among the graphs in Figure A1,

their underlying skeletons are identical.

We define a path between two nodes 𝑋 and 𝑌 as a sequence of nodes that starts with 𝑋, ends with

𝑌 , and where each consecutive pair of nodes in the sequence is connected by an edge in the graph.

In this context, the direction of the edges does not matter; as long as there is a connection between

any two consecutive nodes in the sequence, it forms a valid path. In other words, although the edge

directions are considered, they do not impose any constraints on constructing a path between nodes.

A directed path from node 𝑋 to node 𝑌 is a path in which all edges point towards node 𝑌 . Then, a

directed acyclic graph (DAG) is a directed graph without cycles.

Figure A1 Illustrations of Collider, Mediator, and Common Cause Structures.
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A.1. Causal Structure Learning

Causal modeling involves associating a probability distribution, denoted as 𝑃G (V), with a graph

G = (V,E), which represents the causal relationships among the variables or nodes in the set V. The

underlying assumption is that the distribution 𝑃G (V) is generated by the graph structure in a way

that allows factorization: 𝑃G (V) =
∏
𝑋∈𝑉 𝑃G (𝑋 |𝑃𝑎(𝑋)), where 𝑃𝑎(𝑋) represents the parents of node

𝑋 in G (Spirtes and Zhang 2016, Eberhardt 2017). In this context, the terms "node" and "variable"

can be used interchangeably, as they correspond to the graphical structure and the probability

distribution, respectively.

The two key assumptions that bridge the observed data and the causal structure are stated below.

Assumption 9 (Causal Markov). Each variable 𝑋 ∈V in a graph G = (V,E) is probabilistically

independent of its non-descendants given its parents.

Assumption 10 (Faithfulness). The only independences present in the probability distribution

are those that are implied by the graph structure through the causal Markov conditions.

Assumption 11 (Causal Sufficiency). For any pair of variables in V, all common causes of

those variables are also contained within V.

The first assumption, the causal Markov condition, permits us to transition from the causal graph

to the observed probabilistic independencies. Conversely, the faithfulness condition enables us to

deduce the structure of the causal graph from observed data independencies. Lastly, the causal

sufficiency assumption ensures that all common causes of any pair of variables in the set V are also

contained within V, thereby excluding the existence of any hidden or unobserved confounders.

Due to the close relationship between the causal structure and the resulting data distribution,

many algorithms for causal structure learning leverage the identifiable independence structure in

the data to make inferences about the underlying causal relationships. A key concept essential for

this inference is d-separation (Geiger et al. 1990), often considered as the graphical equivalent of

probabilistic independence. It is based on the notion of a blocked path:

Definition 3 (Blocked paths). A path between nodes 𝑋 and 𝑌 is considered unblocked with

respect to a set of nodes C if every collider 𝑍 on the path is in C or has a descendant in C, and

no other nodes on the path are in C. If these conditions do not hold, the path is considered blocked

with respect to C (Pearl 2000).

We can now introduce the concept of d-separation.

Definition 4 (d-separation). Two nodes 𝑋 and 𝑌 are said to be d-separated with respect to

a conditioning set C (denoted as 𝑖 ⊥ 𝑗 |C) if all paths between them are blocked. Conversely, if

there exists at least one unblocked path between 𝑋 and 𝑌 given C, they are considered d-connected

(denoted as 𝑖 ̸⊥ 𝑗 |C) (Pearl 2000).
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Remark 1. Under the causal Markov and faithfulness conditions, a (conditional) independence

in 𝑃G (V) is present if and only if there is a corresponding (conditional) d-separation in DAG G
(Pearl 2000).

Remark 1 highlights the correspondence between (conditional) independence in 𝑃G (V) and (con-

ditional) d-separation in DAG G under the causal Markov and faithfulness conditions. This cor-

respondence serves as the fundamental framework for a wide range of causal structure learning

methods, providing a means to leverage observed independence patterns in data to infer underlying

causal relations.

To illustrate the notion of blocked paths and their connection to the principles outlined in Remark

1, we refer to Figure A1. In Figure A1(a), we see the path 𝑋→𝑌← 𝑍 where 𝑌 serves as a collider.

Given the conditioning set C = ∅, this path is considered ‘blocked’ since the collider, 𝑌 , is not

included in C. The path 𝑋→𝑌 ← 𝑍 is the only path between 𝑋 and 𝑍 within this figure. Since it

is blocked, we establish that 𝑋 and 𝑍 are d-separated, signifying a lack of information flow between

the two nodes. By invoking Remark 1, we anticipate that 𝑋 and 𝑍 to be marginally probabilistically

independent, in line with their status of being d-separated within the graph. On the other hand,

when C =𝑌 , the path 𝑋→𝑌← 𝑍 transitions to being ‘unblocked’. This is because 𝑌 , being the only

collider on this path, is now included within the conditioning set C. Hence by Remark 1, we expect

that 𝑋 and 𝑍 to be probabilistically dependent with respect to conditioning set C =𝑌 . Conversely,

in Figure A1 (b) and (c), the paths 𝑋→𝑌 → 𝑍 and 𝑋←𝑌 → 𝑍 respectively are ‘unblocked’ when

the conditioning set is C = ∅. This is due to the absence of colliders on these paths and the fact

that 𝑌 , acting as a noncollider, is not included in the conditioning set C. Hence, we expect that 𝑋

and 𝑍 to be marginally dependent. However, conditioning on C =𝑌 blocks these paths and 𝑋 and

𝑍 become marginally independent with respect to conditioning set C =𝑌 .

Despite different causal relationships in Figure A1(b) and A1(c), they imply the same indepen-

dence relations. In contrast, the independence relations in Figure A1(a), i.e., 𝑋 ⊥⊥ 𝑍 and 𝑋 ̸⊥⊥ 𝑍 | 𝑌
uniquely identifies 𝑌 as a collider. These differences underscore the fact that colliders leave distinct

signatures on conditional independence patterns. However, mediator and common causes can result

in identical patterns in conditional independence relations. This demonstrates that the observable

data cannot uniquely identify the underlying causal graph, as both mediators and common causes

can generate identical patterns. This idea is captured by the concept of Markov equivalence class.

Two graphs that have the same independence structure are said to be Markov equivalent. This means

that the independence relations represented by each graph in the equivalence class are identical,

even though the causal relationships they represent are not. Two DAGs are in the same Markov

equivalence class if and only if they have the same skeleton and the same v-structures (Verma and

Pearl 1990).
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A.2. Identification of Average Treatment Effect using Causal Graphs

The previous section discusses how to discover causal graphs, which are essential for learning pres-

ence or absence of causal relationships among variables. However, understanding the structure of

underlying causal relations is only the first step. Many policy decisions are also interested in quan-

tifying the causal effects of specific interventions. From the joint distribution of two variables, 𝑊

and 𝑌 , we can derive the conditional probability 𝑃(𝑌 |𝑊) using observational data, which tells us

the probability of 𝑌 given that 𝑊 takes on a specific value 𝑤, i.e., 𝑃(𝑌 |𝑊 = 𝑤). However, what we

often need for policy decisions is the causal effect of setting 𝑊 to a specific value 𝑤, represented as

𝑃(𝑌 | do(𝑊 = 𝑤)). This notation distinguishes the intervention do(𝑊 = 𝑤) from mere observation.

While we can calculate 𝑃(𝑌 |𝑊 = 𝑤) directly from the joint distribution of 𝑊 and 𝑌 in an observa-

tional data, the challenge lies in determining whether this observational data, combined with the

underlying causal structure, allows us to infer the causal effect 𝑃(𝑌 | do(𝑊 = 𝑤)).

With this notation, given a graph G, the average effect of a binary treatment can be defined as:

𝜏G = 𝐸 [𝑌 |𝑑𝑜(𝑊 = 1)] − 𝐸 [𝑌 |𝑑𝑜(𝑊 = 0)] .9 (A1)

Identification of the average treatment effect 𝜏G from observational data is challenging primarily

due to the presence of confounders that can induce spurious correlations between the treatment

𝑊 and the outcome 𝑌 . For example, let’s consider the causal graph depicted in Figure A2. In

this graph, there are three paths between 𝑊 and 𝑌 : 𝑊 → 𝑋1→ 𝑋2← 𝑋3→ 𝑌 , 𝑊 → 𝑋4→ 𝑌 , and

𝑊← 𝑋5→ 𝑋6→𝑌 . By Definition 3, the path 𝑊→ 𝑋1→ 𝑋2← 𝑋3→𝑌 is blocked as the variable 𝑋2

is a collider and both 𝑊 → 𝑋4→ 𝑌 and 𝑊 ← 𝑋5→ 𝑋6→ 𝑌 are unblocked as there are no colliders

on these paths. However, only the path 𝑊→ 𝑋4→𝑌 represents a causal effect of treatment 𝑊 on

outcome 𝑌 . The path 𝑊← 𝑋5→ 𝑋6→𝑌 , in contrast, reflects confounding. The association observed

between 𝑊 and 𝑌 along this path is not due to a causal mechanism from 𝑊 to 𝑌 , but is a byproduct

of their mutual associations through 𝑋5 and 𝑋6. Thus, without controlling for the confounders 𝑋5 or

𝑋6, the observed correlation in the data between 𝑊 and 𝑌 will reflect both the actual causal effect

from 𝑊 to 𝑌 and the spurious correlation introduced by the path via 𝑋5 and 𝑋6. To accurately

estimate the average treatment effect 𝜏, it is vital to adjust for these confounders and thereby isolate

the causal effect of 𝑊 on 𝑌 .

As demonstrated in the example above, adjusting for relevant covariates is crucial to accurately

estimate causal effects from observational data. This method, known as covariate adjustment, helps

9 In the potential outcomes framework, 𝑑𝑜(𝑊 = 1) and 𝑑𝑜(𝑊 = 0) correspond to the notation 𝑌 (1) and 𝑌 (0), respec-
tively. Therefore, 𝐸 [𝑌 |𝑑𝑜(𝑊 = 1)] −𝐸 [𝑌 |𝑑𝑜(𝑊 = 0)] = 𝐸 [𝑌 (1)] −𝐸 [𝑌 (0)]. For more details, see Rubin (1974) and Imbens
and Rubin (2015).



37

Figure A2 A figure to illustrate the back-door criterion.

isolate the true causal relationship between the treatment and the outcome by controlling for con-

founders that could otherwise bias the results (Pearl 1995, Shpitser et al. 2010). One of the most

well-known methods for this is Pearl’s back-door adjustment. When estimating the effect of 𝑊 on

𝑌 , a back-door path is defined as any unblocked path connecting 𝑊 to 𝑌 that begins with an arrow

pointing towards 𝑊 . Such paths introduce potential confounding by offering a non-causal route for

information flow between 𝑊 and 𝑌 . Pearl (2000) introduced the back-door criterion as a method

for identifying sets of variables that, when conditioned on, can block the backdoor paths and allow

for the estimation of causal effects from observational data. The back-door criterion provides a

graphical test to determine a valid adjustment set to estimate the causal effect from observational

data.

Definition 5. Back-Door Criterion (Pearl 2000).10 Let W,Y and Z be pairwise disjoint

sets of vertices in a DAG G. Z satisfies the back-door criterion relative to W,Y in G if

(i) no node in Z is a descendant of any node in W, and

(ii) for every 𝑊 ∈W, the set Z∪W \ {𝑊} blocks every back-door path from 𝑊 to any member of

Y ∈ G.

Theorem 4 Back-Door Criterion (Pearl 2000). If a set of variables Z satisfies the back-door

criterion relative to (W,Y) in a DAG G, then the causal effect of W on Y is identifiable and is

given by the formula

𝑃(Y = y|𝑑𝑜(W =w)) =
∑︁
z∈𝒵

𝑃(Y = y|W =w,Z = z)𝑃(Z = z) (A2)

where 𝒵 is the support of Z.

10 The definition is adapted from Pearl’s to explicitly consider cases where 𝑊 and 𝑌 are sets of vertices, in accordance
with the set-based analysis framework in Maathuis and Colombo (2015).
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Corollary 4.1 ATE with Back-Door Criterion. Let W be a binary treatment variable. If a set

of variables Z satisfies the back-door criterion relative to (W,Y) in a DAG G, then the ATE 𝜏G of

𝑊 on 𝑌 is identifiable and is given by the formula

𝜏G =
∑︁
𝑦∈𝒴

∑︁
𝑧∈𝒵

y𝑃(Y = y|W = 1,Z = z)𝑃(Z = z) −
∑︁
y∈𝒴

∑︁
z∈𝒵

𝑦𝑃(Y = y|W = 0,Z = z)𝑃(Z = z) (A3)

where 𝒴 and 𝒵 are the supports of Y and Z, respectively.

This corollary demonstrates that if we have access to control variables satisfying the back-door

criterion, we can accurately estimate the average treatment effect. This is achieved by calculating the

expected outcomes conditioned on both the treatment and covariate values, and then weighting these

outcomes by the probability of observing the covariate values. However, the back-door adjustment

criterion is not complete (Pearl 2000). Thus, there are causal graphs where the back-door criterion

does not identify a valid adjustment set, but adjusting for different covariate sets can still accurately

estimate the causal effect.

There is a vast amount of research focused on finding necessary and sufficient graphical criteria for

the selection of adjustment sets to accurately estimate causal effects. Shpitser et al. (2010) extend

the back-door criterion and provide a necessary and sufficient graphical criterion for adjustment in

DAGs. Other research has focused on constructing adjustment sets that are valid for more general

graph classes, including those with unobserved confounders or structures that represent Markov

equivalence classes (van der Zander et al. 2014, Maathuis and Colombo 2015, ?). However, these

methods are designed for single-sample settings and are not directly applicable when combining

multiple datasets. Our work aligns with a recent stream of research in causal graphical models that

combines multiple datasets collected under heterogeneous conditions, such as different populations

and various sampling methods, with the possibility of sampling biases (Bareinboim and Pearl 2012,

Lee et al. 2020, Jung et al. 2024). However, these studies do not consider the scenario of short-term

experimental data with missing long-term outcomes combined with long-term historical data. We

contribute to this literature by algorithmically selecting surrogates and covariates to derive a novel

closed-form expression for the long-term treatment effect that is guaranteed to be computed from

the available samples.

B. Stage-Aware Pruning of Conditioning Sets

Algorithm 1 as stated tests every subset of V𝐸 \ {𝑉𝑖 ,𝑉 𝑗} (respectively V𝑂 \ {𝑉𝑖 ,𝑌𝑘}) as a candidate

conditioning set, which scales with |V|. The stage ordering X ≺𝑊 ≺ S ≺Y admits a strict reduction:

conditioning variables in stages strictly later than both endpoints of the tested pair are never

required to establish conditional independence and may be excluded a priori. For instance, testing
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independence between two pre-treatment covariates requires conditioning sets only from X itself;

testing between a covariate and the treatment, only from X \ {𝑋𝑖}; testing between two surrogates,

only from X∪ {𝑊} ∪S. The following proposition makes this precise.

Lemma 1 (Later-Stage Variables in Conditioning Sets). Let 𝑃 be a distribution that is

Markov and faithful to a DAG G respecting the stage ordering X ≺𝑊 ≺ S ≺Y. For any pair 𝑉𝑖 ,𝑉 𝑗 ∈V,

let F𝑖 𝑗 denote the set of variables in stages strictly later than both 𝑉𝑖 and 𝑉 𝑗 . If 𝑉𝑖 ⊥⊥𝑉 𝑗 | C under 𝑃

for some C ⊆V\{𝑉𝑖 ,𝑉 𝑗}, then 𝑉𝑖 ⊥⊥𝑉 𝑗 | C\F𝑖 𝑗 under 𝑃 as well. Consequently, whenever 𝑉𝑖 and 𝑉 𝑗 are

conditionally independent given some conditioning set, there exists one that contains no later-stage

variables.

The intuition is that any path between 𝑉𝑖 and 𝑉 𝑗 that enters a stage strictly later than both

endpoints must contain a collider in a maximal block of latest-stage nodes on that path. Since

the stage ordering prevents directed edges from moving to earlier stages, every descendant of that

collider also lies in a stage strictly later than both endpoints. Removing F𝑖 𝑗 from the conditioning

set therefore removes the collider and all of its possible conditioned descendants, leaving the path

blocked. Hence no later-stage variable is ever needed to witness conditional independence between

𝑉𝑖 and 𝑉 𝑗 .

Proof of Lemma 1. Let 𝜎(𝑉) denote the stage of a variable 𝑉 , with 𝜎(𝑋) = 1 for 𝑋 ∈X, 𝜎(𝑊) = 2,

𝜎(𝑆) = 3 for 𝑆 ∈ S, and 𝜎(𝑌 ) = 4 for 𝑌 ∈Y. Since G respects the stage ordering, every directed edge

𝐴→ 𝐵 in G satisfies 𝜎(𝐴) ≤ 𝜎(𝐵).
Fix 𝑉𝑖 ,𝑉 𝑗 ∈V and let 𝑟𝑖 𝑗 =max{𝜎(𝑉𝑖), 𝜎(𝑉 𝑗)}. Then F𝑖 𝑗 = {𝑉 ∈V : 𝜎(𝑉) > 𝑟𝑖 𝑗}. Define C− =C\F𝑖 𝑗 .

If F𝑖 𝑗 = ∅, then C− =C and the result is immediate, so suppose F𝑖 𝑗 ≠ ∅.
Because 𝑃 is faithful to G, the conditional independence 𝑉𝑖 ⊥⊥ 𝑉 𝑗 | C implies that 𝑉𝑖 and 𝑉 𝑗 are

d-separated by C in G. We show that 𝑉𝑖 and 𝑉 𝑗 are also d-separated by C−. Consider an arbitrary

path 𝑝 = (𝑈0,𝑈1, . . . ,𝑈𝑚) from 𝑉𝑖 to 𝑉 𝑗 , where 𝑈0 =𝑉𝑖 and 𝑈𝑚 =𝑉 𝑗 . It is enough to show that 𝑝 is

blocked by C−.

First suppose that 𝑝 contains no node in F𝑖 𝑗 . If 𝑝 were open given C−, then no noncollider on

𝑝 would belong to C−, and every collider on 𝑝 would have itself or a descendant in C−. Since 𝑝

contains no node in F𝑖 𝑗 , the sets C and C− agree on all noncolliders on 𝑝. Hence no noncollider on

𝑝 would belong to C. Also, since C− ⊆ C, every collider activated by C− would also be activated by

C. Therefore 𝑝 would be open given C, contradicting the fact that C d-separates 𝑉𝑖 and 𝑉 𝑗 . Thus 𝑝

is blocked by C−.

Now suppose that 𝑝 contains at least one node in F𝑖 𝑗 . Let 𝐿 =max0≤𝑡≤𝑚𝜎(𝑈𝑡 ). Since 𝑝 contains

a node in F𝑖 𝑗 , we have 𝐿 > 𝑟𝑖 𝑗 . Choose a maximal contiguous block 𝑈𝑎,𝑈𝑎+1, . . . ,𝑈𝑏 of nodes on 𝑝

whose stage is 𝐿. Because the endpoints 𝑈0 =𝑉𝑖 and 𝑈𝑚 =𝑉 𝑗 have stages at most 𝑟𝑖 𝑗 < 𝐿, this block
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cannot contain either endpoint, so 0 < 𝑎 ≤ 𝑏 < 𝑚. By maximality of the block, the neighboring nodes

𝑈𝑎−1 and 𝑈𝑏+1 have stages strictly below 𝐿. The stage ordering therefore forces the boundary edges

to be oriented as 𝑈𝑎−1→𝑈𝑎 and 𝑈𝑏+1→𝑈𝑏.

We claim that at least one node in the block 𝑈𝑎, . . . ,𝑈𝑏 is a collider on 𝑝. If 𝑎 = 𝑏, then both

adjacent edges point into 𝑈𝑎, so 𝑈𝑎 is a collider. If 𝑎 < 𝑏, suppose for contradiction that no node

in the block is a collider. Since 𝑈𝑎−1→𝑈𝑎, avoiding a collider at 𝑈𝑎 requires the next edge to be

𝑈𝑎 → 𝑈𝑎+1. Then avoiding a collider at 𝑈𝑎+1 requires 𝑈𝑎+1 → 𝑈𝑎+2. Continuing in this way, we

obtain 𝑈𝑎→𝑈𝑎+1→ · · · →𝑈𝑏. In particular, the edge adjacent to 𝑈𝑏 from the left is 𝑈𝑏−1→𝑈𝑏.

But the right boundary edge is also 𝑈𝑏+1→𝑈𝑏, so both adjacent edges on 𝑝 point into 𝑈𝑏, making

𝑈𝑏 a collider. This contradiction proves that the block contains a collider; call one such collider 𝑄.

Since 𝜎(𝑄) = 𝐿 > 𝑟𝑖 𝑗 , we have 𝑄 ∈ F𝑖 𝑗 . Moreover, every descendant of 𝑄 also belongs to F𝑖 𝑗 . Indeed,

along any directed path starting from 𝑄, stages cannot decrease, so every descendant 𝐷 of 𝑄 satisfies

𝜎(𝐷) ≥ 𝜎(𝑄) = 𝐿 > 𝑟𝑖 𝑗 . Thus {𝑄} ∪DescG (𝑄) ⊆ F𝑖 𝑗 , and hence neither 𝑄 nor any descendant of 𝑄

belongs to C− = C \ F𝑖 𝑗 . Therefore 𝑄 is a collider on 𝑝 with no conditioned descendant under C−,

so 𝑝 is blocked by C−.

We have shown that every path from 𝑉𝑖 to 𝑉 𝑗 is blocked by C−. Thus 𝑉𝑖 and 𝑉 𝑗 are d-separated

by C− in G. Since 𝑃 is Markov with respect to G, d-separation implies conditional independence

under 𝑃. Therefore 𝑉𝑖 ⊥⊥𝑉 𝑗 | C \F𝑖 𝑗 , as claimed.□

C. Meek Rules Illustration

The Meek rules provide a systematic method for orienting undirected edges within a partially

directed acyclic graph to achieve a fully directed acyclic graph without introducing new unshielded

collider or cycles (Meek 1995). Figure A3 demonstrates these rules visually, showcasing how they

apply in different configurations of a graph.

D. Rules of Do-Calculus

Let X,Y,Z, and W be arbitrary disjoint sets of nodes in a causal DAG G and let 𝑃 be the probability

distribution induced by graph G. According to Theorem 3.4.1 in Pearl (2000), the following rules

apply to any disjoint subsets of variables X,Y,Z, and W:

1. Rule 1 (Insertion/deletion of observations):

𝑃(y | 𝑑𝑜(x), z,w) = 𝑃(y | 𝑑𝑜(x),w) if (Y ⊥ Z | X,W)G
X
.

2. Rule 2 (Action/observation exchange):

𝑃(y | 𝑑𝑜(x), 𝑑𝑜(z),w) = 𝑃(y | 𝑑𝑜(x), z,w) if (Y ⊥ Z | X,W)G
XZ
.
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Figure A3 Meek rules illustrated.

3. Rule 3 (Insertion/deletion of actions):

𝑃(y | 𝑑𝑜(x), 𝑑𝑜(z),w) = 𝑃(y | 𝑑𝑜(x),w) if (Y ⊥ Z | X,W)G
X,Z(W)

.

where G
𝑋

denotes the graph obtained by deleting all incoming arrows to nodes in X from G, GX
denotes the graph obtained by deleting all outgoing arrows from nodes in X from G, and Z(W) is

the set of Z-nodes that are not ancestors of any W-nodes in GX.

E. Equivalent Graphs Can Imply Different Policy Gains

This appendix illustrates Proposition 2: two graphs in the same Markov equivalence class can imply

different gains from the same program modification. The equivalence class fixes the skeleton and the

v-structures but not every edge orientation, so an undirected edge among the short-term variables

admits more than one completion—and different completions route the treatment’s effect to the

outcome through different paths.

Focus on the downstream subgraph connecting the short-term variables {𝑆1, 𝑆2, 𝑆3} to the long-

term outcome 𝑌 . The edges 𝑆1→ 𝑌 , 𝑆2→ 𝑌 , and 𝑆3→ 𝑌 are oriented, while the edge between 𝑆1

and 𝑆2 remains unoriented. The equivalence class contains two DAG completions: G (with 𝑆1→ 𝑆2),

and G′ with 𝑆2→ 𝑆1) that share the same skeleton and the same unshielded colliders. However, the

unresolved orientation of the edge between 𝑆1 and 𝑆2 determines which surrogate has an indirect

path to 𝑌 through the other. Under G 𝑆1 reaches 𝑌 both directly and via 𝑆2,:

Γ𝑆1,𝑌 ,G = 𝛽
G
𝑆1,𝑌
+ 𝛽G

𝑆1,𝑆2
𝛽
G
𝑆2,𝑌

and Γ𝑆2,𝑌 ,G = 𝛽
G
𝑆2,𝑌

,

and under G′ their roles reverse

Γ𝑆1,𝑌 ,G′ = 𝛽
G′
𝑆1,𝑌

and Γ𝑆2,𝑌 ,G′ = 𝛽
G′
𝑆2,𝑌
+ 𝛽G

′

𝑆2,𝑆1
𝛽
G′
𝑆1,𝑌
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Therefore, a modification that increases the first-stage effect on 𝑆1 by 𝛿1 has gain 𝛿1Γ𝑆1,𝑌 ,G under

G and 𝛿1Γ𝑆1,𝑌 ,G′ under G′, which need not be equal.

W

S1

S2

S3

Y

(a) CPDAG: S1 − S2 undirected

W

S1

S2

S3

Y

(b) DAG G: S1 → S2

W

S1

S2

S3

Y

(c) DAG G′: S2 → S1

Figure A4 COMB-PC orients channels 𝑊→ 𝑆 𝑗 for 𝑗 = 1,2,3 but leaves the edge 𝑆1–𝑆2 undirected (a). The two

DAG completions G (b) and G′ (c) constitute the equivalence class G. The channel set C = {1,2,3} is invariant across

G; the leverages of 𝑆1 and 𝑆2 on 𝑌 , however, differ between G and G′.

F. Numerical Experiments with Synthetic Data

In this section, we evaluate the performance of COMB-PC algorithm and the proposed treatment

effect identification strategy using synthetic data. We consider four distinct scenarios varying the

edge inclusion probability 𝑝. The edge inclusion probability 𝑝 is the fixed probability with which

each potential edge between any pair of nodes in a graph is included, thereby determining the overall

density of the graph. We use the following probabilities in our study: 0.2, 0.3, 0.4, and 0.5. In each

of these scenarios, we generate 200 DAGs, with the number of nodes varying from 10 to 15. We

ensure that the generated DAGs satisfy the Assumptions 2 and 3. These DAGs are parameterized

as linear Gaussian models and we simulate experimental and observational samples with 50,000

observations. Then, we conduct conditional independence tests using partial correlations, applying

a significance threshold of 𝛼 = 0.05, adjusted with a Bonferroni correction to account for multiple

hypothesis testing. We use the pcalg package (Markus Kalisch et al. 2012) for both generation of

DAGs and samples as well as for conducting conditional independence tests.

Table 1 assesses the performance of the COMB-PC algorithm at various edge inclusion probabil-

ities. The MEC column shows the average number of graphs within the Markov equivalence class

for each density scenario. As the edge inclusion probability increases from 0.2 to 0.5, the number

of graphs within the same Markov equivalence class decreases. As the edge inclusion probability

increases, paralleling the decrease in the number of graphs within the Markov equivalence class,

we also observe a corresponding reduction in the number of undirected edges. Next, we calculate

the average true positive rate (TPR), false positive rate (FPR), true negative rate (TNR), and
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false negative rate (FNR) for the graphs returned by the COMB-PC algorithm. The true positive

rate (TPR), which indicates the algorithm’s accuracy in correctly identifying true causal directions,

shows a decreasing pattern, dropping from 0.858 at a density of 0.2 to 0.601 at a density of 0.5.

This decline suggests a reduced accuracy in identifying causal relationships in denser graphs. Con-

versely, the false positive rate (FPR) increases with graph density, rising from 0.005 to 0.033, which

points to a higher rate of incorrectly identified causal directions in denser networks. Complementing

these trends, the true negative rate (TNR) slightly decreases, and the false negative rate (FNR)

significantly increases with higher densities.

Table A1 Evaluating COMB-PC Algorithm’s Performance Across Different Edge Densities.

Edge inclusion probability MEC Unoriented Edges Oriented Edges
TPR FPR TNR FNR

𝑝 = 0.2 3.445 1.565 0.858 0.005 0.995 0.142
𝑝 = 0.3 3.260 1.255 0.813 0.01 0.99 0.187
𝑝 = 0.4 2.015 0.82 0.786 0.019 0.981 0.214
𝑝 = 0.5 1.405 0.37 0.601 0.033 0.967 0.399

Having established the accuracy of the COMB-PC algorithm for identifying causal relationships,

we next evaluate our proposed treatment effect identification strategy. We begin by calculating the

true average treatment effect 𝜏G∗ for each true underlying graph G∗ by considering all directed

paths from the treatment to the outcome and multiplying the true edge coefficients along these

paths. We then empirically estimate the treatment effect 𝜏G using short-term experimental and

long-term observational data. To do this, we identify relevant surrogate and backdoor adjustment

sets over the graphs returned by the COMB-PC algorithm. Table A2 summarizes the estimation

errors, expressed as (𝜏− 𝜏∗)/𝜏∗, assessing the deviation of the estimated effects from the true effects

across 200 simulations for varying graph densities. The results reveal that estimation errors are

minimal in sparser graphs, with a mean error of 0.048 at 𝑝 = 0.2. As graph density increases,

mean errors rise, reaching 0.205 at 𝑝 = 0.5. This trend underscores the crucial role of precise causal

graph identification, as the diminishing accuracy in causal structure learning within denser graphs

significantly compromises the reliability of treatment effect estimations.

Table A2 Average Treatment Effect Estimation Errors Across Varying Graph Densities.

min 25% mean 50% 75% max

𝑝 = 0.2 -0.186 -0.009 0.048 0.001 0.011 1.113
𝑝 = 0.3 -0.524 -0.004 0.125 0.006 0.113 1.0
𝑝 = 0.4 -0.166 -0.005 0.126 0.002 0.115 1.065
𝑝 = 0.5 -0.233 -0.009 0.205 0.020 0.321 1.021
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G. Proofs

Lemma 2. Two DAGs are equivalent if and only if they share the same skeleton and same v-

structures.

Proof of Lemma 2. The proof of this lemma can be found in Verma and Pearl (1990).

Proof of Theorem 1. Let skel(G) denote the skeleton of a graph G. By Assumptions 1 and 7,

every conditional-independence query made in either sample is a query about the same distribution

𝑃G∗ induced by the true DAG G∗. By Assumptions 4, 5, and 6, conditional independence in 𝑃G∗ is

equivalent to d-separation in G∗ over the observed variable set V.

We first show that Phase 1 recovers the true skeleton. The edge 𝑊 𝑌𝑘 is not included in the initial

graph for any 𝑌𝑘 ∈Y. This agrees with G∗: Assumption 3(i) rules out 𝑌𝑘→𝑊 , and Assumption 3(ii)

rules out 𝑊→𝑌𝑘 . Now consider any other pair 𝐴, 𝐵 tested in Phase 1. If Algorithm 1 removes 𝐴 𝐵,

then for some tested set C it found 𝐴⊥⊥ 𝐵 | C in the relevant sample. By the oracle assumption and

Markov-faithfulness, 𝐴 and 𝐵 are d-separated by C in G∗. Hence 𝐴 and 𝐵 cannot be adjacent in

G∗, because the length-one path between adjacent vertices is open given any conditioning set that

excludes the endpoints.

Conversely, suppose 𝐴 and 𝐵 are not adjacent in G∗. If 𝐴, 𝐵 ∈ V𝐸 , choose an endpoint, say 𝐵,

such that 𝐴 is not a descendant of 𝐵; such an endpoint exists because G∗ is acyclic. Since 𝐴 is not

a parent of 𝐵, the local Markov property implies that 𝐴 and 𝐵 are d-separated by PaG∗ (𝐵). By

Assumption 3(i), no long-term outcome can be a parent of any node in V𝐸 , so PaG∗ (𝐵) ⊆V𝐸 \{𝐴, 𝐵}.

Moreover, |PaG∗ (𝐵) | ≤ |V𝐸 | − 2 ≤ |V| − 3, so Algorithm 1 tests this set and removes 𝐴 𝐵 if the

edge has not already been removed. If instead the tested pair is 𝐴,𝑌𝑘 with 𝐴 ∈ V𝑂 \ {𝑌𝑘}, use the

same argument with a long-term-outcome endpoint. If 𝐴 is not a descendant of 𝑌𝑘 , then PaG∗ (𝑌𝑘)

d-separates 𝐴 and 𝑌𝑘 ; if 𝐴 = 𝑌ℓ is a descendant of 𝑌𝑘 , then PaG∗ (𝑌ℓ) d-separates them. In either

case, Assumption 3(ii) rules out 𝑊 as a parent of a long-term outcome, so the separating set lies

in V𝑂 \ {𝐴,𝑌𝑘} and has size at most |V𝑂 | − 2 = |V| − 3. Therefore Algorithm 1 tests such a set and

removes the edge. Thus skel(G1) = skel(G∗).

We next show that Phase 2 produces a partially directed graph G2 that is consistent with G∗.

Consider first the collider-orientation step. Let 𝐴− 𝐵−𝐶 be an unshielded triple in G1 with 𝐵 ≠𝑊 ,

with {𝐴,𝐶} ≠ {𝑊,𝑌𝑘} for every 𝑌𝑘 ∈ Y, and with 𝐵 ∉ 𝑆𝑒𝑝𝑆𝑒𝑡𝐴𝐶 . Since Phase 1 recovered the true

skeleton, 𝐴 and 𝐶 are non-adjacent in G∗ while 𝐴 and 𝐵, and 𝐵 and 𝐶, are adjacent in G∗. If 𝐵

were a noncollider on the path 𝐴 − 𝐵 −𝐶 in G∗, then every separating set for 𝐴 and 𝐶 would have

to contain 𝐵, because otherwise the length-two path 𝐴− 𝐵−𝐶 would remain open. This contradicts

𝐵 ∉ 𝑆𝑒𝑝𝑆𝑒𝑡𝐴𝐶 . Hence 𝐵 is a collider in G∗, so the orientation 𝐴→ 𝐵←𝐶 is correct.
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The structural-orientation step is also correct. By Assumption 3(i), any surviving edge between

𝑋𝑖 ∈ X and 𝑊 must be oriented as 𝑋𝑖→𝑊 , any surviving edge between a variable in X∪ {𝑊} and

a short-term variable 𝑆 𝑗 ∈ S must be oriented into 𝑆 𝑗 , and any surviving edge between a variable in

V \Y and a long-term outcome 𝑌𝑘 ∈Y must be oriented into 𝑌𝑘 . Assumption 3(ii) has already ruled

out the exceptional direct edge 𝑊 → 𝑌𝑘 . Finally, Meek’s rules are sound: starting from a partially

directed graph whose directed edges agree with G∗, they orient only edges that are compelled by the

current skeleton and unshielded colliders, without introducing new unshielded colliders or directed

cycles. Therefore every directed edge in G2 is oriented as in G∗, and G∗ is a consistent extension of

G2. Since Step 4 stores all DAGs consistent with G2, we have G∗ ∈G.

It remains to show that every G ∈G is Markov equivalent to G∗. Every graph in G is a consistent

extension of G2, so every such graph has the same skeleton as G2, hence the same skeleton as

G∗. We also show that the unshielded colliders coincide. Every unshielded collider in G2 is an

unshielded collider in G∗ because the skeletons are the same and every arrowhead in G2 agrees

with G∗. Conversely, let 𝐴→ 𝐵← 𝐶 be any unshielded collider in G∗. The endpoints 𝐴 and 𝐶

are non-adjacent in G∗ and therefore non-adjacent in G1. Moreover, the structurally excluded pair

{𝑊,𝑌𝑘} cannot be the endpoint pair of a true unshielded collider: if the middle node is in X or S,

Assumption 3(i) prevents an arrow out of 𝑌𝑘 into that middle node, and if the middle node is in Y,

Assumption 3(ii) prevents the edge 𝑊 → Y. Thus 𝑆𝑒𝑝𝑆𝑒𝑡𝐴𝐶 was learned in Phase 1. Since 𝐵 is a

collider on the length-two path 𝐴−𝐵−𝐶, no separating set for 𝐴 and 𝐶 can contain 𝐵; conditioning

on 𝐵 would open that path and there is no other node on the path that could block it. Hence

𝐵 ∉ 𝑆𝑒𝑝𝑆𝑒𝑡𝐴𝐶 , so the collider-orientation step orients 𝐴→ 𝐵←𝐶 in G2. Therefore G2 and G∗ have

the same unshielded colliders. By the definition of consistent extension, every G ∈G has the same

unshielded colliders as G2, and hence as G∗.
Thus every G ∈G has the same skeleton and the same unshielded colliders as G∗. By Lemma 2,

every G ∈G is Markov equivalent to G∗. Since we have also shown G∗ ∈G, the theorem follows. □

Proof of Proposition 1. Note that this proof utilizes the rules of do-calculus as outlined by

Pearl (2000). For detailed information on these rules, please refer to Appendix D. We will use the

following notation in this proof: G
𝑋

denotes the graph obtained by deleting all incoming arrows to

nodes in X from G. Similarly, GX denotes the graph obtained by deleting all outgoing arrows from

nodes in 𝑋 from G. Fix 𝑤 ∈ {0,1} and 𝑌𝑘 ∈Y. To simplify notation, write

S = SG,𝑌𝑘 , Z = ZG,𝑌𝑘 , 𝒮 =𝒮G,𝑌𝑘 , 𝒵 =𝒵G,𝑌𝑘 .

Also write 𝑃𝐸 (·) = 𝑃(· | 𝐷 = 𝐸) and 𝑃𝑂 (·) = 𝑃(· | 𝐷 =𝑂). We state the proof for discrete variables;

the continuous case follows by replacing sums with integrals.
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By the law of total probability,

𝑃𝐸 (𝑌𝑘 = 𝑦 | do(𝑊 = 𝑤)) =
∑︁
x

∑︁
z∈𝒵

∑︁
s∈𝒮

𝑃𝐸 (𝑌𝑘 = 𝑦 | do(𝑊 = 𝑤),X = x,Z = z,S = s)

× 𝑃𝐸 (Z = z,S = s | do(𝑊 = 𝑤),X = x)

× 𝑃𝐸 (X = x | do(𝑊 = 𝑤)).

By Assumption 3(𝑖), the variables in X are pre-treatment relative to 𝑊 . Hence intervening on 𝑊

does not change their distribution:

𝑃𝐸 (X = x | do(𝑊 = 𝑤)) = 𝑃𝐸 (X = x).

Next, by Assumption 2, treatment is randomized conditional on X in the experimental sample.

Therefore, for all cells satisfying the usual treatment-overlap condition,

𝑃𝐸 (Z = z,S = s | do(𝑊 = 𝑤),X = x) = 𝑃𝐸 (Z = z,S = s |𝑊 = 𝑤,X = x).

It remains to simplify the conditional distribution of 𝑌𝑘 . Since Z is a valid surrogate–outcome

adjustment set for (S,𝑌𝑘), Definition 2 implies that every path from 𝑊 to 𝑌𝑘 is blocked by

X∪Z∪ S.

Thus,

(𝑌𝑘 ⊥⊥𝑊 | X,Z,S)G .

Under Assumptions 4 and 6, this graphical separation implies

𝑃𝐸 (𝑌𝑘 = 𝑦 |𝑊 = 𝑤,X = x,Z = z,S = s) = 𝑃𝐸 (𝑌𝑘 = 𝑦 | X = x,Z = z,S = s).

Moreover, deleting outgoing arrows from 𝑊 cannot open any path from 𝑊 to 𝑌𝑘 . Hence the same

conditioning set also separates 𝑊 and 𝑌𝑘 in G𝑊 . By the action–observation exchange rule of do-

calculus,

𝑃𝐸 (𝑌𝑘 = 𝑦 | do(𝑊 = 𝑤),X = x,Z = z,S = s)

= 𝑃𝐸 (𝑌𝑘 = 𝑦 |𝑊 = 𝑤,X = x,Z = z,S = s).

Combining the last two displays gives

𝑃𝐸 (𝑌𝑘 = 𝑦 | do(𝑊 = 𝑤),X = x,Z = z,S = s)

= 𝑃𝐸 (𝑌𝑘 = 𝑦 | X = x,Z = z,S = s).

Substituting these equalities into the law-of-total-probability expansion yields

𝑃𝐸 (𝑌𝑘 = 𝑦 | do(𝑊 = 𝑤)) =
∑︁
x

∑︁
z∈𝒵

∑︁
s∈𝒮

𝑃𝐸 (𝑌𝑘 = 𝑦 | X = x,Z = z,S = s)

× 𝑃𝐸 (Z = z,S = s |𝑊 = 𝑤,X = x)

× 𝑃𝐸 (X = x).
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Finally, by Assumption 8, for every (x, z, s) that receives positive probability in the experimental

sample under treatment arm 𝑤,

𝑃𝐸 (𝑌𝑘 = 𝑦 | X = x,Z = z,S = s)

= 𝑃𝑂 (𝑌𝑘 = 𝑦 | X = x,Z = z,S = s).

The support component of Assumption 8 ensures that the right-hand side is defined for every such

cell. Therefore,

𝑃(𝑌𝑘 = 𝑦 | 𝐷 = 𝐸, do(𝑊 = 𝑤)) =
∑︁
x

∑︁
z∈𝒵G,𝑌𝑘
s∈𝒮G,𝑌𝑘

𝑃(𝑌𝑘 = 𝑦 | 𝐷 =𝑂, X = x, ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s)

× 𝑃(ZG,𝑌𝑘 = z, SG,𝑌𝑘 = s | 𝐷 = 𝐸, 𝑊 = 𝑤, X = x)

× 𝑃(X = x | 𝐷 = 𝐸),

which is the desired formula. □

Proof of Theorem 2. Fix 𝑌𝑘 ∈Y. Under Assumptions 1, 2, 3, 4, 5, 6, and 7, Theorem 1 implies

that the true graph G∗ is contained in the set of graphs G returned by the COMB-PC algorithm:

G∗ ∈G.

By Proposition 1, together with Assumption 8, the graph-specific quantity 𝜏G∗,𝑌𝑘 is the true

average treatment effect of 𝑊 on 𝑌𝑘 in the experimental population. Since G∗ ∈ G, this true effect

is one element of the candidate set {
𝜏G,𝑌𝑘 : G ∈G

}
.

Therefore, because the minimum and maximum of a finite set bound every element of that set,

min
G∈G

𝜏G,𝑌𝑘 ≤ 𝜏G∗,𝑌𝑘 ≤ max
G∈G

𝜏G,𝑌𝑘 .

This proves the claim. □

Proof of Proposition 2. It suffices to construct one admissible instance. Let X = ∅, let S = 𝑆1, 𝑆2,

and let Y =𝑌𝑘 . Consider two DAGs on 𝑊, 𝑆1, 𝑆2,𝑌𝑘 . The first graph G has edges 𝑊→ 𝑆1, 𝑊→ 𝑆2,

𝑆1 → 𝑆2, 𝑆1 → 𝑌𝑘 , and 𝑆2 → 𝑌𝑘 . The second graph G′ has the same edges except that the edge

between 𝑆1 and 𝑆2 is reversed: 𝑊 → 𝑆1, 𝑊 → 𝑆2, 𝑆2→ 𝑆1, 𝑆1→ 𝑌𝑘 , and 𝑆2→ 𝑌𝑘 . The two graphs

have the same skeleton. They also have the same unshielded colliders: the triples involving 𝑆1 and 𝑆2

are shielded because 𝑆1 and 𝑆2 are adjacent, and the remaining unshielded triples are noncolliders.

Hence, by Lemma 2, G and G′ are Markov equivalent.

Now take G to be the true graph G∗. For example, let the true structural equations be𝑊 = 𝜀𝑊 , 𝑆1 =

𝑎𝑊+𝜀1, 𝑆2 = 𝑏𝑊+𝑐𝑆1+𝜀2, and 𝑌𝑘 = 𝑑𝑆1+𝑒𝑆2+𝜀𝑌 , where the error terms are jointly independent and

the coefficients are chosen generically with 𝑐 ≠ 0 and 𝑒 ≠ 0. This data-generating process satisfies the
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required Markov, faithfulness, sufficiency, randomization, and structural ordering assumptions. Since

G and G′ are Markov equivalent, the conditional independence information available to COMB-

PC does not distinguish the orientation of the edge between 𝑆1 and 𝑆2. Thus, under the oracle

independence-test assumption, COMB-PC returns an equivalence class containing both G and G′.
We now compare the gain from the same program modification under the two graphs. Consider a

modification 𝑟ℎ = (Aℎ, 𝜹ℎ) that targets only 𝑆1, so that Aℎ = 1 and 𝛿ℎ1 > 0. Under G, there are two

directed paths from 𝑆1 to 𝑌𝑘 : 𝑆1→𝑌𝑘 and 𝑆1→ 𝑆2→𝑌𝑘 . Therefore, Γ𝑆1,𝑌𝑘 ,G = 𝛽
G
𝑆1,𝑌𝑘
+ 𝛽G

𝑆1,𝑆2
𝛽
G
𝑆2,𝑌𝑘

=

𝑑 + 𝑐𝑒. Hence the gain from the modification under G is Δ𝑌𝑘 ,G (𝑟ℎ) = 𝛿ℎ1 (𝑑 + 𝑐𝑒).
Under G′, the edge between the two short-term variables is reversed: 𝑆2→ 𝑆1. Thus 𝑆1 no longer

has a directed path to 𝑌𝑘 through 𝑆2. The only directed path from 𝑆1 to 𝑌𝑘 is 𝑆1→ 𝑌𝑘 . Since the

parent set of 𝑌𝑘 is 𝑆1, 𝑆2 in both graphs, the coefficient on 𝑆1 in the outcome equation is the same

direct coefficient 𝑑. Therefore, Γ𝑆1,𝑌𝑘 ,G′ = 𝛽G
′ ∗𝑆1,𝑌𝑘 = 𝑑, and the gain under G′ is Δ∗𝑌𝑘 ,G′(𝑟ℎ) = 𝛿ℎ1𝑑.

Since 𝛿ℎ1 > 0, 𝑐 ≠ 0, and 𝑒 ≠ 0, Δ𝑌𝑘 ,G (𝑟ℎ) − Δ𝑌𝑘 ,G′ (𝑟ℎ) = 𝛿ℎ1𝑐𝑒 ≠ 0. Thus the same program modifi-

cation can imply different policy gains under two graphs returned by COMB-PC. This proves the

claim. □

Proof of Theorem 3. By Theorem 1, the assumptions imply that the true graph G∗ is contained

in the set of graphs returned by COMB-PC, so G∗ ∈ G. Fix any program modification 𝑟ℎ. Since

G∗ ∈ G, the true-graph gain ΔG∗ (𝑟ℎ) is one element of the collection ΔG (𝑟ℎ) : G ∈G. Therefore, it

must lie between the minimum and maximum values of that collection: minG∈GΔG (𝑟ℎ) ≤ ΔG∗ (𝑟ℎ) ≤
maxG∈GΔG (𝑟ℎ). This proves the first claim.

Now define 𝐿ℎ :=minG∈GΔG (𝑟ℎ), and let ℎ★ ∈ argmaxℎ∈0,1,...,𝐻 𝐿ℎ. Because the status quo option

𝑟0 is included in the menu and satisfies ΔG (𝑟0) = 0 for every G ∈G, we have 𝐿0 =minG∈GΔG (𝑟0) =
0. Since ℎ★ maximizes 𝐿ℎ over a set that includes ℎ = 0, it follows that 𝐿ℎ★ ≥ 𝐿0 = 0. Equiva-

lently, minG∈GΔG (𝑟ℎ
★) ≥ 0. Finally, applying the first part of the theorem to the selected modifi-

cation 𝑟ℎ
★ gives ΔG∗ (𝑟ℎ

★) ≥minG∈GΔG (𝑟ℎ
★). Combining the last two inequalities yields ΔG∗ (𝑟ℎ

★) ≥
minG∈GΔG (𝑟ℎ

★) ≥ 0. □
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