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Abstract

Earlier interventions can change the response to a later policy. This paper studies
that response as a state-dependent map from current instruments to future targets. Its
evolution reflects entry, exit, and changes among units already reached. Adoption and
effective-cap models provide mechanisms through which policy history changes the
map. Sequential randomization and factorial assignment identify distinct history and
configuration contrasts under their stated designs. In the myBPmyLife trial, the fitted
current diet-notification response is 1.75 percentage points lower at the 90th than
at the 10th percentile of fourteen-day assigned history, conditional on the recorded
pre-state and time controls. A separate factorial experiment shows how an app-limit
assignment changes the response to a temporary use-reduction bonus. Rank and
finite-action calculations describe the directions available for the targets and horizons
represented in each experiment.
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1. Introduction

What does an intervention leave behind for the next policy decision? A subsidy can change
experience with a product, repeated notifications can change engagement, and a usage
limit can alter the response to a later incentive. The earlier policy changes the state through
which the next one operates. Evaluating this legacy requires a target that measures the
response to the later intervention.

The paper calls that map policy response capacity.1 For continuous instruments it is a
finite-horizon derivative from the current policy vector to target outcomes. For discrete
interventions it is the corresponding finite contrast. Its columns describe the available
target responses under stated instrument units.2 The map can change even when the
baseline outcome or participation rate returns to an earlier level.

The analysis starts with accounting and the experiment needed to measure a response
change. A transition identity allocates aggregate capacity changes to entrants, exits, and
continuing units. Sequential and factorial assignment then identify particular history or
configuration contrasts. The stillness theorem shows that repeated reach can drive the
measured response to zero while a target gap remains strictly positive. The result permits
heterogeneous conversion rates and requires only finite initial reachable mass with posi-
tive rates. Stable baseline motion therefore leaves the later response map undetermined.
Once the contrasts are defined, an effective-cap model and a two-date adoption model
give mechanisms that can generate them. Instrument-menu and option-value extensions
study the feasible responses available to a planner.

The empirical target varies two aspects of policy. In a sequential design, an earlier
assigned history changes the state confronting a current randomized intervention. In a
factorial design, one assigned configuration changes the contrast generated by another
intervention. Following one treatment over several horizons describes a different object:
the outcome path of that treatment.3 The response-capacity matrices here are assembled
from the stated two-policy contrasts, with their outcomes, horizons, normalizations, and
support retained in rank inference.

The first application uses the public myBPmyLife micro-randomized trial (Golbus
et al. 2026). Across 186,893 active-phase decision points, the fitted current diet-notification
response is 1.75 percentage points lower at the 90th than at the 10th percentile of fourteen-
day assigned history, with participant-clustered standard error 0.60.4 This comparison

1Public-administration research uses policy capacity for the analytical, operational, and political compe-
tences of policy actors (Wu et al. 2015). Here the term denotes a target-response map under stated policy
instruments.

2Rescaling an instrument rescales its column. Every rank and magnitude comparison therefore retains
the instrument units, outcome normalization, and horizon.

3The sequential contrast conditions on the recorded pre-state. A regime contrast that changes the pre-state
distribution uses an additional averaging step.

4The two history percentiles correspond to 10 and 18 successful assignments over the preceding 56 decision
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holds the recorded pre-state and response-time controls fixed. It describes heterogeneity
in the current randomized response across prior histories; a total effect of changing the
earlier assignment regime also includes changes in the distribution of that pre-state. For
four exploratory engagement targets and two notification types, the leading singular
values of standardized seven- and fourteen-day response-change operators are 0.142 and
0.136. Simultaneous bands reject rank zero at these windows; a lower-rank-uniform test at
fourteen days retains rank at most one. Endpoint classification and screening families
follow the stated source design.

The second application uses the factorial experiment of Allcott et al. (2022). A tem-
porary bonus reduces digital use by 62.9 minutes per day in the limit-control group and
by 51.5 minutes under the limit assignment. Their interaction measures a change in
the bonus response across randomized configurations.5 A finite planner evaluates the
assigned combinations at attainable reduction targets and implementation costs. This
calculation keeps the experimental action set explicit.

Together the models and applications distinguish a system’s baseline motion from
the response directions available to policy. The evidence concerns the reported random-
ized designs and horizons. The accounting identities explain how responses can evolve,
while the identification conditions determine which part of that evolution a particular
experiment recovers.

This perspective connects dynamic treatment-response research with the targets-
and-instruments tradition. Event-study and sequential-treatment methods organize how
effects vary across histories and horizons; micro-randomized trials supply sequential
experimental variation; factorial designs identify treatment interactions; and dynamic
structural models emphasize the state variables through which current choices change
future opportunities. Dynamic regression-discontinuity methods recover long-term di-
rect effects from repeated eligibility events under stated mean-equivalence, selection,
smoothness, and overlap conditions (Hsu and Shen 2024). The target here is the later-
policy response map and its evolution across randomized histories and configurations.
The contribution is to treat that map as an evolving state object and to ask which response
directions are available to a later policy decision.

The targets-and-instruments tradition motivates the map from available interventions
to objectives (Tinbergen 1952), while multi-instrument field experiments and factorial
designs study the directions spanned by treatment combinations (Hahn et al. 2016; Mu-
ralidharan et al. 2025; Pless 2026). State-dependent multiplier research emphasizes that
policy responses vary with slack, credit conditions, balance sheets, and histories (Auer-
bach and Gorodnichenko 2012; Ramey and Zubairy 2018; Eichenbaum et al. 2022).Work on

points.
5Limit assignment bundles access, enforcement, chosen tightness, and snoozing. The estimand concerns

that randomized bundle.
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take-up and experience goods supplies mechanisms through which earlier policy changes
later participation and response (Bhargava and Manoli 2015; Finkelstein and Notowidigdo
2019; Deshpande and Li 2019; Bergemann and Välimäki 2006). Dynamic controllability
provides the corresponding multi-date systems perspective (Buiter and Gersovitz 1981).

The paper develops response capacity, identification, endogenous changes, and the
randomized-history and configuration applications in that order. Additional proofs, diag-
nostics, and benchmark calculations appear in the online appendix.

2. Policy History and Response Capacity

Let the full state be st = (xt, rt), where xt contains the conventional economic state and
rt contains the units and response parameters through which policy operates. For an
admissible policy sequence U = (u0, . . . ,uH−1) ∈ UH, let ΦH(s,U) denote the terminal
state and let τ select a q-dimensional target. The endpoint map is

(1) ΨH(s,U) = τ(ΦH(s,U)) .

For continuous instruments, the response matrix and response space are

(2) MH(s) = DUΨH(s, 0), VH(s) = ImMH(s).

The matrix has q rows and mH columns when there are m instruments per date. Its
rank records the number of locally reached target directions. Under stated target and
instrument units, its singular values record response strength along orthogonal directions.

For a discrete policy b ∈ {0, 1}, define the response-capacity contrast

(3) KH(s) = E[ΨH(s,b = 1) −ΨH(s,b = 0) ∣ s].

Equation (3) supplies the experimental counterpart of a derivative. Continuous and dis-
crete instruments can be stacked after their units are reported.

For a finite assignment set A, let k(a) ∈ Rq be the target change generated by action a
relative to a baseline action, and let c(a) be its activation cost. The attainable response set
isK = {k(a) : a ∈ A}. A planner facing target change z chooses

(4) LA(z) =mina∈A
{
1
2
(z − k(a))′Q(z − k(a)) + c(a)} .

PROPOSITION 1 (Finite-action policy choice). Suppose Q is positive definite. Equation (4)
compares the target losses of the attainable actions. If the planner can randomize assignment
shares and target changes aggregate linearly, the attainable set becomes conv(K). With zero
activation costs, replacing either set by span(K) gives a weakly lower loss. Equality holds exactly
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when a closest point in the span belongs to the relevant attainable set.

The finite set applies to mutually exclusive experimental arms. Its convex hull applies
to population assignment shares. The span applies to continuously scalable instruments
whose admissible coefficients include the projection used by the targeting problem.

DEFINITION 1 (Perfect stillness). A baseline fixed point s⋆ is perfectly still for a stated target,
horizon, and policy class when it is locally attracting under the baseline law and every response
derivative and discrete contrast in that class equals zero at s⋆.

2.1. Units and exact transition accounting

Consider N units with weights ωi > 0. Let Iit ∈ {0, 1} indicate attachment to the policy
system and let Bit ∈ Rq×m be unit i’s target response conditional on attachment. The
aggregate response matrix is

(5) Mt =
N
∑
i=1
ωiIitBit.

Attachment can mean enrollment, an active account, a claim with remaining entitlement,
a refinancing incentive, or availability to an offer. The conditional matrix can include
direct and equilibrium responses under a stated exposure mapping.

PROPOSITION 2 (Transition accounting). The change in equation (5) satisfies

Mt+1 −Mt = Et −Xt + St,(6)

Et = ∑
i
ωi(1 − Iit)Ii,t+1Bi,t+1,(7)

Xt = ∑
i
ωiIit(1 − Ii,t+1)Bit,(8)

St = ∑
i
ωiIitIi,t+1(Bi,t+1 − Bit).(9)

The three terms collect entrants, exits, and response changes among units attached at both dates.

The accounting identity uses the joint transition (Iit, Ii,t+1). When attachment is latent
and only marginal probabilities pit = Pr(Iit = 1) are available, a gross-flow decomposition
additionally requires the transition probabilities πabit = Pr(Iit = a, Ii,t+1 = b) and response
matrices indexed by transition type. The expected terms then replace the indicators in
equation (6) with π01, π10, and π11. Marginal probabilities determine pi,t+1− pit = π01it −π

10
it

and leave the two gross flows separate only after π01 or π10 is supplied.
Let an earlier policy at change next-period attachment and conditional response. For
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the probability representation

(10) Mt+1(at) = ∑
i
ωipi,t+1(at)Bi,t+1(at),

differentiation gives

(11) Dat vecMt+1 = ∑
i
ωi [vec(Bi,t+1)Dat pi,t+1 + pi,t+1Dat vec(Bi,t+1)] .

The first term operates through attachment. The second operates through response condi-
tional on attachment. Panel records identify the transition terms directly; repeated cross
sections require a model for gross flows and composition.

Additional instruments and their value. A dictionary-constrained response-addition prob-
lem uses a specified target loss, feasible instrument menu, and activation costs. The
empirical applications keep the experimentally assigned action sets distinct from the
linear span used in that calculation.

Baseline motion and policy responses. Stability of the untreated state and the rank of its
policy-response map concern different parts of the transition law. A shared-baseline
counterexample separates them, while additional conditions connect state convergence
to declining response strength. Economic mechanisms can then move the response map.
Sequential and factorial designs identify different parts of this change.

3. Identification and Rank Inference

The empirical object involves two interventions. An earlier policy At changes attachment,
experience, or remaining demand. A later policy Bt+1 acts through the resulting response
state. Let Ht contain pretreatment histories, let Lt+1 collect variables observed between
interventions, and let Yt+1+h(a,b) be the potential target at horizon h.

3.1. Continuous sequential policies

For scalar policies, define the later response and the capacity effect by

mh(a,ht) =
∂

∂b
E[Yt+1+h(a, b) ∣ Ht = ht]∣

b=0
,(12)

θh(a,ht) =
∂

∂a
mh(a,ht).(13)

The second derivative θh measures how the earlier policy changes the response to the
later policy.
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ASSUMPTION 1 (Sequential assignment and smooth support). Conditional on Ht, At is
independent of the potential intermediate variables and outcomes indexed by (a, b). Conditional
on (Ht,At,Lt+1), Bt+1 is independent of the potential outcomes indexed by b. The treatment
values used in each comparison have positive conditional density. The outcome regression and
the conditional distribution of Lt+1 are differentiable in the relevant treatment values, and an
integrable envelope permits differentiation under the integral.

PROPOSITION 3 (Sequential identification). Under Assumption 1 and consistency,

(14) mh(a,ht) = ∫
∂

∂b
E[Yt+1+h ∣ Ht = ht,At = a,Lt+1 = ℓ,Bt+1 = b]∣

b=0
dF(ℓ ∣ ht,a),

and differentiating the right side with respect to a identifies θh(a,ht).

The formula requires variation in both policies over the reported support. A rollout
chosen in response to backlog or shock severity places those assignment variables in Ht
or calls for a design that fixes assignment. Panel records can then divide the total capacity
effect using the transition terms in Proposition 2.

3.2. Sequential randomization and policy history

At decision point t, letDit andAit indicatemutually exclusive diet and activity notifications
with known probabilities pD and pA. Let Sit be the target state recorded before assignment
and define centered current assignments D̃it = Dit − pD and Ãit = Ait − pA. For a window
of w prior decision points, randomized policy history is

(15) H(w)it =
w
∑
ℓ=1
(Di,t−ℓ +Ai,t−ℓ − pD − pA) .

The empirical projection is

Yit = αi + λd(t) + µq(t) +β
(w)
D D̃it +β

(w)
A Ãit + γ

(w)H(w)it + θ
(w)
D D̃itH

(w)
it + θ

(w)
A ÃitH

(w)
it(16)

+ δ(w)Sit +ψ
(w)
D D̃itSit +ψ

(w)
A ÃitSit + eit,(17)

where d(t) indexes relative enrollment day and q(t) indexes time of day. The empirical
specification also interacts both current assignments with centered linear and quadratic
functions of relative enrollment day. Centering makes β(w)D the current diet-notification
response at mean randomized history, at the reference pre-state, and at the centered
response-time terms. The coefficient θ(w)D gives the slope of the conditional current re-
sponse with respect to assigned notification history, holding the recorded pre-state and
response-time profile fixed.

PROPOSITION 4 (Randomized-history response). Suppose current assignment is independent
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of current potential outcomes conditional on the observed decision history, the assignment
probabilities equal (pD, pA, 1 − pD − pA) on retained decision points, consistency holds, and the
conditional current-treatment response is linear in (H(w)it ,Sit) over the reported support. Then

weighted centered least squares identifies (β(w)D ,θ(w)D ,ψ(w)D ) and the corresponding activity
coefficients. With constant assignment probabilities, the weights are common and equation (16)
supplies the estimator.

PROOF. Conditional random assignment makes the centered current-assignment vec-
tor orthogonal to every function of the observed history and gives it a positive-definite
conditional second-moment matrix when all three assignment cells have positive proba-
bility. Multiplying the linear conditional response by the centered assignment vector and
by its products with (H(w)it , Sit) yields the normal equations for the response coefficients.
Consistency replaces the potential outcomes in those moments with the observed target.
Constant probabilities make the weighting factor common across decision points.

Theproposition identifiesmoderation of the current randomized response by observed
history. The pre-state Sit can itself be affected by earlier assignments. Consequently,
conditioning on Sit changes the history comparison: a total response contrast between
earlier assignment regimes averages over the regime-specific distribution of intermediate
states, as in equation (14).6 Such a contrast also requires a specified assignment regime
and support for its histories. The empirical projection below reports conditional response
moderation on the retained decision points. Its history slope has that interpretation even
though the notifications entering the history were randomized.

Micro-randomized trials generate the repeated assignment variation used by equa-
tion (16) (Boruvka et al. 2018). Participant clustering preserves dependence created by
overlapping histories and repeated outcomes. A cluster-multipliermaximumstatistic gives
simultaneous coverage across a declared collection of windows, outcomes, and current
notification types. A lead-history placebo replaces equation (15) with future assignments;
sequential randomization places the corresponding interaction at zero in expectation.

For q targets, let θ(w)Dj and θ(w)Aj denote the two current-assignment-by-history coeffi-
cients for target j, and let ∆hw be the difference between the 90th and 10th percentiles of
realized randomized history. The window-specific response-change operator is

(18) Θ(w) = ∆hw

⎛
⎜
⎜
⎜
⎜
⎝

θ
(w)
D1 θ

(w)
A1

⋮ ⋮

θ
(w)
Dq θ

(w)
Aq

⎞
⎟
⎟
⎟
⎟
⎠

.

6Randomization of the earlier notifications identifies their regime-specific state distributions. Conditioning
on a post-assignment state instead holds that intermediate state fixed and yields a different response contrast.
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Each column records the fitted difference in the conditional current response to one noti-
fication type between the two history percentiles, across the target vector. The empirical
singular values divide each row by its common-sample target standard deviation and carry
the same transformation into the participant-cluster influence covariance. A Gaussian
clustermultiplier supplies a joint operator-norm radius across the fivewindow-specificma-
trices. Weyl’s inequality then gives simultaneous lower endpoints max{0,σ j(Θ̂(w))− c1−α}.
The lower-rank-uniform procedure described below tests the rank of a selected window,
while amaximumstatistic over the fivematrices protects the rank-zero test againstwindow
selection.

3.3. Factorial assignment of intervention and configuration

Let D ∈ {0, 1} assign a policy configuration and let B ∈ {0, 1} assign an intervention whose
response depends on that configuration. For target horizon h, define

(19) Kh(d) = E[Yh(d, 1) − Yh(d, 0)], ∆Kh = Kh(1) −Kh(0).

PROPOSITION 5 (Factorial capacity contrast). If (D,B) ⊥ {Yh(d, b) : d, b ∈ {0, 1}} ∣ G, every
assignment cell occurs in each included stratum, and consistency holds, then

∆Kh = EG[E(Yh ∣ D = 1,B = 1,G) − E(Yh ∣ D = 1,B = 0,G)](20)

− EG[E(Yh ∣ D = 0,B = 1,G) − E(Yh ∣ D = 0,B = 0,G)].(21)

In a regression containing B, D, their interaction, and saturated stratum indicators,
the interaction coefficient estimates equation (20). Stacking the coefficients across hori-
zons supplies a capacity-shift vector. Replacing D with mutually exclusive randomized
configurations yields one intervention response for each configuration.

Let h⋆ denote a horizon in which both instruments are active and let C collect com-
parison horizons. For weights wh ≥ 0 satisfying∑h∈Cwh = 1, define the overlap capacity
shift

(22) Γh⋆,C = ∆Kh⋆ − ∑
h∈C

wh∆Kh.

PROPOSITION 6 (Factorial identification across policy timing). Suppose the factorial as-
signment condition in Proposition 5 holds jointly for the outcome vector indexed by {h⋆} ∪ C.
Then equation (22) is identified by the same linear contrast of the horizon-specific interaction
coefficients. Its covariance is the corresponding quadratic form in their cross-horizon covariance
matrix.

Random assignment identifies each component of equation (22); linearity identifies
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the timing contrast. The effective-cap model assigns its mechanism when D changes the
cap and B changes the unconstrained choice during h⋆. A weekly version can replace the
period means and compare the payment weeks with the remaining weeks under the same
assignment.

Let θ̂ stack J horizon interactions, let A = {a1, . . . ,aL} be a finite collection of timing
contrasts, and let Σ̂ estimate the joint covariance of θ̂. Define s2j = a

′
jΣ̂a j and let c1−α be

the 1 − α quantile of max j≤L ∣a′jZ∣/s j for Z ∼ N(0, Σ̂).

PROPOSITION 7 (Finite timing family). Under joint asymptotic normality and consistent
covariance estimation, the intervals

(23) a′jθ̂ ± c1−αs j, j = 1, . . . ,L,

have asymptotic simultaneous coverage 1−α. The interval indexed by any data-dependent selector
taking values in {1, . . . ,L} inherits that coverage.

The empirical timing analysis uses two finite families. The period family compares
each of four periods with the equal-weight mean of the other three. The weekly fam-
ily compares each of ten consecutive three-week windows with the other nine weeks.
Gaussian max-t critical values use the joint HC2 covariance. A conditional randomization
analysis applies the same four period contrasts to every re-randomization draw. Each draw
re-estimates the interaction and its HC2 covariance from the observed outcome vector,
then forms studentized statistics. This procedure targets weak null hypotheses for average
factorial contrasts while allowing unit-level treatment-effect heterogeneity, following the
studentization argument in Wu and Ding (2021). The payment-window comparison is
reported as exploratory and receives simultaneous inference over both families. This
treatment follows the inference-after-selection problem studied by Andrews et al. (2024).

3.4. Prospective external benchmarks

An external benchmark enters when its trial record predates assignment, its published
estimandmaps into a configuration or history contrast in this framework, and the analysis
carries the source estimate with its reported uncertainty and multiplicity adjustment. The
benchmark retains the source trial’s outcome definition, horizon, and analysis family.
It supplies evidence about the response mechanism across a separate population and
implementation. Cross-trial differences in target units, intervention intensity, and follow-
up remain part of the comparison.
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3.5. A randomized early policy and a common later offer

The application has a discrete early assignment and a common later offer. Let A ∈ A
be randomly assigned within block G, let B = 1 indicate receipt of the later offer, and
let Y2(a,b) be later purchase. Suppose the offered product is unavailable through the
comparison channel when b = 0, giving Y2(a, 0) = 0. Define

(24) K2(a) = E[Y2(a, 1) − Y2(a, 0)] = E[Y2(a, 1)].

PROPOSITION 8 (Randomized capacity effect). If A ⊥ {Y2(a, 1) : a ∈ A} ∣ G and each
compared assignment occurs within every included block, then

(25) K2(a) −K2(a′) = EG[E(Y2 ∣ A = a,G) − E(Y2 ∣ A = a′,G)] .

The later offer can be common across households because the zero-offer outcome is
fixedbyproduct availability. Randomized variation in the earlier assignment identifies how
policy history changes the response generated by that offer. A within-block permutation
of early assignments supplies finite-sample inference under the corresponding sharp
null.

With interference summarized by an exposure mapping Qi(A−i), random assignment
also generates variation in neighbors’ policy exposure. The reported estimand then con-
ditions on the chosen mapping and includes own assignment and mapped exposure as
separate instruments. Spatial covariance estimates account for overlapping neighbor-
hoods in the outcome equations.

3.6. Responsematrices and rank

LetM ∈ Rq×m stack target responses to assigned exposures and let k =min{q,m}. For r < k,
the rank null is H(r)0 : rank(M) ≤ r. The empirical statistic is

(26) Tn(r) = n
k
∑
j=r+1

σ2j (M̂).

The singular values use the target and instrument scales stated for each application.
The digital matrix divides each target row by its sample outcome standard deviation. Its
covariance receives the same row transformation.

The lower-rank-uniform calculation follows the CFA two-step procedure in Chen and
Fang (2019). Set κn = n−1/4 and estimate a lower rank r0 by counting singular values of
M̂ above κn. A value r0 > r rejects in the first step. For r0 ≤ r, write the singular-vector
matrices as U and V , retain the columns associated with indices above r0, and draw Z∗

from the estimated law of
√
n vec(M̂ −M). The bootstrap statistic applies equation (26) to
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the singular values of U′0Z∗V0 beginning at index r − r0 + 1. The applications use 49,999
Gaussian draws from the joint coefficient covariance. The digital covariance is HC2 across
participants; the bed-net covariance uses the spatial estimator in equation (14). Robin and
Smith (2000) give characteristic-root and sequential rank procedures.

When instruments have different exposure schedules, let S contain the known sched-
ule vectors in target units and let RS project onto their orthogonal complement. The
schedule-adjusted matrix is RSM. Its rank records response variation remaining after the
scheduled activation profiles are removed. The application reports raw and schedule-
adjusted singular values and carries the transformed coefficient covariance into the second
rank calculation.

For a two-by-two matrix, the regular rank-one diagnostic also uses detM = 0. At a
rank-one matrix, ∇det(M) = vec(adj(M)′) is nonzero, and

(27) Var(det M̂) ≃ ∇det(M)′Var(vec M̂)∇det(M).

The determinant calculation supplies a comparison at regular rank-one points. The two-
step calculation covers the lower-rank points contained in H(1)0 .

4. Instrument Overlap and Future Policy Response Capacity

The preceding identification results determine what a design can recover about response
capacity. The models in this section give economic explanations for such changes. In-
terpreting an empirical contrast through one explanation additionally uses that model’s
restrictions on attachment, experience, or a binding cap.

Two mechanisms shift capacity. A configuration can change the contemporaneous
response to an incentive when both instruments operate on the same choice. Earlier
adoption can change the response to a later offer through experience and remaining
demand. Repeated campaigns carry the resulting transition forward.

4.1. An incentive under an effective cap

Let x(b) ∈ R+ be a household’s chosen use under incentive status b ∈ {0, 1}, with x(1) ≤ x(0).
A configuration imposes an effective cap ℓ ∈ R+, producing observed use

(28) y(b, ℓ) =min{x(b), ℓ}.

The incentive response under the configuration is K(ℓ) = y(1, ℓ) − y(0, ℓ).

PROPOSITION 9 (Capacity substitution under an effective cap). For ℓ1 ≤ ℓ0,

(29) K(ℓ1) −K(ℓ0) = len ((ℓ1, ℓ0] ∩ (x(1),x(0)]) ≥ 0, K(ℓ) ≤ 0.
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For coupled configured and comparison caps LD ≤ LC that remain fixed across incentive states,
and random potential uses X(1) ≤ X(0), the population capacity change is

(30) E[K(LD) −K(LC)] = E[len ((LD,LC] ∩ (X(1),X(0)])] .

When the outcome is minutes of use, equation (30) gives themean usemargin covered
by the change in effective caps. Compliance and snoozing enter through the distribution
of effective caps. If the effective configured cap can depend on incentive status, write it as
Lb. The configured incentive response relative to the response under an unrestricted cap
obeys

min{X(1),L1} −min{X(0),L0} − [X(1) −X(0)]

= len ((L0,∞) ∩ (X(1),X(0)]) + [X(1) − L0]+ − [X(1) − L1]+.(31)

The first term is common-cap overlap. The second records the change in the effective
cap across incentive states. Factorial assignment identifies their sum. The empirical
design observes the limit throughout the study and pays the use-reduction bonus during
one three-week interval. This timing yields an overlap contrast between the capacity
shift during payment and the capacity shift in the surrounding horizons. User-selected
tightness remains a post-assignment variable, so the application uses the timing result for
the configured bundle and leaves the two terms in equation (31) combined.

4.2. A two-date adoptionmodel

A household has baseline value v ∈ R for the product and a net experience effect g ∈ R after
first adoption. The distribution of (v, g) has marginal density f v for v. The net effect g
combines learning about product quality with the decline in marginal value from owning
a durable unit. In period 1 the posted price is p1 and the subsidy is a. Purchase is

(32) D1(a) = 1{v ≥ c(a)}, c(a) = p1 − a.

In period 2 the product is offered at price p2. The household’s response to the offer is

(33) D2(a, p2) = 1{v + gD1(a) ≥ p2}.

The product is unavailable without the second offer, so the period-2 capacity contrast
equals

(34) K2(a, p2) = E[D2(a, p2)].

PROPOSITION 10 (Capacity formation by marginal adopters). Suppose f v is continuous at
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c(a) and the conditional distribution of g given v is continuous in v at that point. At values
where the displayed indicator is locally constant,

(35)
∂K2(a, p2)

∂a
= f v(c(a)) [Pr{g ≥ p2 − c(a) ∣ v = c(a)} − 1{c(a) ≥ p2}] .

An increase in the early subsidy moves the adoption cutoff downward. The bracket in
equation (35) compares the marginal household’s response to the later offer after early
adoption with its response after passing through period 1 without adoption. Experience
canmove amarginal household above the second purchase threshold. Existing ownership
can move it below that threshold. The density f v(c(a))measures howmuch population
the early subsidy moves into this comparison.

Equation (35) also distinguishes current reach from future response. The current
adoption derivative is

(36)
∂E[D1(a)]

∂a
= f v(c(a)).

Two early subsidies with the same current adoption effect can generate different later
capacity effects through the conditional distribution of g among marginal adopters.

4.3. Own and neighborhood exposure

Let ai be household i’s subsidy and let qi(a−i) be an exposure mapping from neighboring
assignments. Baseline value and experience can depend on qi through product infor-
mation, disease transmission, or local availability. The two-target response to own and
neighborhood exposure is

(37) MA
= D(a,q)

⎡
⎢
⎢
⎢
⎢
⎢
⎣

E[D1]

E[D2]

⎤
⎥
⎥
⎥
⎥
⎥
⎦

.

The first rowmeasures current adoption. The second rowmeasures the response supplied
to the later offer. Column proportionality gives rank one; differing ratios across dates
produce a second response direction. The empirical application estimates the discrete-
assignment version of equation (37).

4.4. Subsidy choice

Let w1 be the value of first-period adoption, let w2 be the value of purchase from the later
offer, and let C(a) be the fiscal and administrative cost of the early subsidy. A two-date
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planner chooses

(38) max
a∈A
{w1E[D1(a)] +βw2K2(a, p2) − C(a)} .

PROPOSITION 11 (Capacity-adjusted subsidy). Suppose the objective in equation (38) is
differentiable and has an interior maximizer aD. Then

(39) C′(aD) = w1 f v(c(a
D
)) +βw2

∂K2(aD, p2)
∂a

.

The second term is given by equation (35).

The myopic subsidy condition contains the first term on the right side. The dynamic
condition also values the later purchase response created or removed at the period-1
cutoff. Fiscal cost, learning, and remaining demand therefore enter the same marginal
calculation.

4.5. Repeated reach and perfect stillness

Consider a population divided into three shares at date t: adopters xt, reachable non-
adopters rt, and an excluded share e ≥ 0, with xt + rt + e = 1. A campaign reaches and
converts a fraction α ∈ (0, 1) of the reachable nonadopters. The law of motion is

(40) xt+1 = xt + αrt, rt+1 = (1 − α)rt.

The response to another campaign at date t is the discrete capacity contrast

(41) Kt = αrt.

THEOREM 1 (Stillness with a persistent target gap). Under equations (40)–(41),

(42) rt = (1 − α)tr0, xt = 1 − e − (1 −α)tr0, Kt = α(1 −α)tr0.

The state converges to (x⋆, r⋆) = (1 − e, 0) and the response to the campaign converges to zero.
The fixed point is perfectly still for that campaign. When e > 0, the limiting target gap is e, and
every addition drawn from the campaign’s existing response span leaves that gap unchanged.

The same conclusion holds with heterogeneous conversion rates. Let r0(a) be a finite initial
mass over a ∈ (0, 1]. Then

(43) Kt = ∫
1

0
a(1 − a)tr0(a)da

is weakly decreasing and converges to zero, while the reached share converges to 1− e. The decline
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is strict at date t whenever responsive mass remains.

The parameter e separates two fixed-point compositions. At e = 0, zero capacity accom-
panies full coverage. At e > 0, zero capacity accompanies a population remaining outside
reach.7 A delivery method that attaches part of the excluded group adds a response vector
to the dictionary in equation (15). The cost of closing the remaining gap is then determined
by the feasible-addition problem.

The heterogeneous clause permits early campaigns to select high-response units and
later campaigns to face the surviving low-response types. Its conclusion uses finite initial
mass and positive conversion rates while allowing campaign effects to vary across units.

5. Randomized Policy History, Configuration, and Assigned Actions

5.1. Repeated randomized notifications

5.1.1. Design and response estimand

The myBPmyLife intervention followed 287 participants with hypertension for six months
and randomized diet and activity notifications at four daily decision points (Golbus et al.
2026). At each point, the probability of a diet notification was 0.125, the probability of
an activity notification was 0.125, and the probability of receiving either notification was
0.25. The public core file contains 187,517 randomization points. The analysis uses 186,893
active-phase points with a recorded dice roll.8 Diet notifications directed participants
to the mobile application to find lower-sodium alternatives. The source article classifies
60-minute app engagement as an exploratory post hoc endpoint and reports that diet
notifications raise engagement. The present analysis retains that outcome status and asks
how the current randomized response varies with prior assigned history at a common
recorded pre-state.

Equation (16) is estimated for histories spanning 4, 12, 28, 56, and 112 preceding deci-
sion points, corresponding to about 1, 3, 7, 14, and 28 days. The outcome is an indicator
for app use during the 60 minutes after assignment, and the pre-state is app use during
the preceding 30 minutes. Every specification includes centered current diet and activity
assignments, centered randomized history, both current-assignment-by-history interac-
tions, the pre-state, both current-assignment-by-pre-state interactions, centered linear
and quadratic relative-day terms interacted with both current assignments, participant
effects, relative-day effects, and time-of-day effects. Thus, the history coefficient compares

7Application costs, incomplete take-up, and screening can generate persistent exclusion in practice; see
Bhargava and Manoli (2015); Finkelstein and Notowidigdo (2019); Deshpande and Li (2019). The parameter e
records the resulting excluded mass while leaving its source mechanism unrestricted.

8Decision points outside the active phase or lacking the randomization-engine draw are excluded before
the history variables are constructed.
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current policy responses at the same recorded app-use state and response-time controls.
Standard errors cluster by participant.

Inference reports twofinite families. The displayed family contains the five diet-history
coefficients for binary app use. A broader family contains 40 coefficients spanning five
history windows, four engagement outcomes, and two current notification types. Gaussian
participant-cluster multiplier statistics provide simultaneous coverage. A retrospective
multivariate diagnostic arranges each window’s eight coefficients as the four-target-by-
two-notification operator in equation (18) and applies simultaneous inference across all
five matrices.

5.1.2. State transition and response history
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FIGURE 1. App-use transition and response under randomized notification history

Notes. Panel A uses 140,397 active-phase decision points assigned to the 0.75 control condition. Points report
app use during the next 60 minutes after each preceding 30-minute app-use state and the fixed point implied
by the estimated two-state transition; horizontal intervals are participant-clustered 95 percent intervals.
Panel B reports the fitted difference in the conditional current diet-notification response between the 90th
and 10th percentiles of assigned history, at common pre-state and time controls. Vertical intervals are
simultaneous over the five displayed windows, use the 2.493 family critical value, and are based on 99,999
Gaussian participant-cluster multiplier draws.

At decision points assigned to the control draw, app use during the next 60 minutes equals
4.22 percent after a zero pre-state and 19.76 percent after a one pre-state. Their difference
is 0.155 with a participant-clustered standard error of 0.010. Iteration of the corresponding
two-state transition gives a fixed point of 5.00 percent. These quantities summarize the
passive transition observed in the same randomized decision panel; Table 2 reports their
uncertainty.
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TABLE 1. Current app-use response by randomized notification history

History Current diet effect Past assignments Response change Primary 40-coefficient family
(days) at mean history (pp) P10–P90 P10–P90 (pp) adjusted p adjusted p

1 5.31 0–2 -0.61 (0.51) 0.6031 0.9896
3 5.21 1–5 -0.72 (0.52) 0.4681 0.9539
7 5.03 4–10 -1.65 (0.57) 0.0159 0.0878
14 4.84 10–18 -1.75 (0.60) 0.0136 0.0766
28 4.44 22–34 -1.04 (0.60) 0.2668 0.7856

Notes. The sample contains active-phase decision points for the 287-person core cohort. Current diet and
activity assignments are centered at their design probabilities of 0.125. History is the number of success-
ful notification assignments during the preceding window centered at 0.25 times the number of decision
points. The current effect is evaluated at mean randomized history after a zero app-use pre-state and at
the centered time terms. The conditional response difference multiplies the history-interaction coefficient
by the difference between the 90th and 10th percentiles of realized assignment history; clustered standard
errors appear in parentheses. Each row includes both current assignments, history, both current-assignment-
by-history interactions, app use during the preceding 30 minutes, both current-assignment-by-pre-state
interactions, both current-assignment-by-linear-and-quadratic-day interactions, participant effects, relative-
day effects, and time-of-day effects. Primary adjustment covers the five displayed diet-history coefficients. The
40-coefficient adjustment covers five windows, four outcomes, and two current notification types. Gaussian
cluster-multiplier inference uses the joint participant-score covariance.

At mean randomized history following a zero pre-state, a current diet notification
raises 60-minute app use by 4.44 to 5.31 percentage points across the five specifications.
Over the preceding seven days, the 10th and 90th percentiles of assigned notification
history are 4 and 10. The fitted current diet-notification response is 1.65 percentage points
lower at the upper endpoint of that range, with a clustered standard error of 0.57. The
interaction coefficient has p = 0.0041, adjustment across the five displayed windows gives
p = 0.0159, and adjustment across all 40 screened history coefficients gives p = 0.0878.
Over the preceding 14 days, the corresponding history range is 10 to 18 assignments and
the fitted conditional response difference is −1.75 percentage points, with a standard error
of 0.60. Its pointwise, displayed-family, and screened-family values are 0.0035, 0.0136, and
0.0766.
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TABLE 2. Policy-response operator across randomized notification history

Target Diet notification Activity notification

App use -1.754 pp -0.307 pp
App events -0.211 -0.002
Searches -0.027 0.001
Low-salt choices -0.038 0.004

Standardized singular values 0.136, 0.014
Simultaneous 95% lower endpoint for σ1 0.017
14-day rank-at-most-zero p 0.0059
Five-window adjusted rank-zero p 0.0171
14-day rank-at-most-one p 0.5774

Notes. Entries are fitted differences in the conditional current notification response between the 90th
percentile (18 assignments) and the 10th percentile (10 assignments) of preceding 14-day history, holding
recorded pre-state and time controls fixed. The matrix uses the eight 14-day interaction coefficients already
included in the 40-coefficient family. Rows are scaled by their common-sample standard deviations for the
singular-value calculation. The simultaneous lower endpoint subtracts the 95 percent quantile of the largest
operator norm across all five window-specific perturbation matrices, using 99,999 Gaussian participant-
cluster multiplier draws. The adjusted rank-zero value also covers all five windows. Lower-rank tests use the
Chen–Fang two-step procedure with 49,999 draws. Row scaling changes the metric and leaves algebraic rank
unchanged. The source study classifies these engagement targets as exploratory post hoc outcomes.

The row-standardized 14-day operator has singular values 0.136 and 0.014. A simultane-
ous operator-norm band covering all five history windows gives a 0.017 lower endpoint
for its leading singular value. The corresponding lower endpoints are 0.023 at seven days
and zero at the other three windows. Rank-zero tests adjusted across the five matrices
give p = 0.012 at seven days and p = 0.017 at 14 days. Replacing Gaussian multipliers with
Rademacher participant-cluster multipliers gives adjusted values of 0.0084 and 0.0135 and
lower endpoints of 0.024 and 0.019. At 14 days, the lower-rank-uniform tests give p = 0.0059
for rank at most zero and p = 0.577 for rank at most one. The evidence therefore supports
at least one history-sensitive response direction across these engagement targets and
leaves a second direction unresolved. The operator construction remains a retrospective
diagnostic over outcomes classified as exploratory post hoc by the source study.

The history variable uses assignment success recorded by the randomization engine,
so the coefficients are intention-to-treat response changes among retained active-phase
decision points. The pre-state interactions allow the current diet-notification effect to vary
with current app use, and centered linear and quadratic relative-day interactions allow
both current notification effects to evolve over the study. The history interaction therefore
records response variation remaining after state and study-time response heterogeneity
enter the equation. Replacing the preceding 28 assignments with the following 28 assign-
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ments gives a diet interaction of 0.00119 with a standard error of 0.00094 and p = 0.206.
Sequential assignment gives the future-history placebo a zero benchmark.

The distinction is visible across the two panels. Panel A estimates a passive transition
for the target state. Panel B estimates history-related variation in the current policy-
to-target response, conditional on the observed pre-state. Earlier assignments can also
affect that pre-state, a channel held fixed in this projection. The result concerns digital
engagement among participants retained in the active decision panel. The source outcome,
population, and history windows delimit its transport to other policy systems.

5.2. A bonus under randomized app-use limits

5.2.1. Design and estimand

Allcott et al. (2022) recruited 1,933 Android users and recorded use of Facebook, Instagram,
Twitter, Snapchat, browsers, and YouTube in five three-week periods. At the start of period
2, participants received random assignment to a temporary bonus that paid for lower use
in period 3. They also received independent assignment to a limit-control group or to an
app-limit configuration. The configuration assignments used snooze delays of 0, 2, 5, or 20
minutes and a block without snooze. The limit remained available across the study, while
cash bonus payments occurred in period 3. The source article estimates habit formation
and self-control and reports bonus-by-limit interactions by period in its online appendix.

Let Bi denote bonus assignment and Di assignment to any limit configuration. The
outcome Yih is average daily FITSBY use in period h. Equation (13) estimates the bonus
response Kh(0) = βh under limit control, the response Kh(1) = βh + θh under a limit
assignment, and the capacity shift ∆Kh = θh. The period-level overlap estimand applies
equation (22) with h⋆ = 3, C = {2, 4, 5}, and equal comparison weights. A weekly-window
analysis compares weeks 7–9, when bonus payments occur, with weeks 4–6 and 10–15.
Every regression includes baseline FITSBY use and the reported randomization-stratum
indicators.

The smallest bonus-by-limit cell contains 194 participants. FITSBY use is observed for
more than 99 percent of participants in each period.9 A period-1 balance regression gives
a bonus-by-limit coefficient of −2.68 minutes with a standard error of 6.50.

Period 3 is the primary horizon, and periods 2–5 form the horizon family. The reported
results include the period-3 estimate, the joint family test, and the six enforcement-rule
estimates. The finite-family comparison contrasts each period with the mean of the other
three and each consecutive three-week window with the other nine weeks. The payment-
overlap result is exploratory and receives simultaneous inference over these families.

9The 80-percent-power minimum detectable effect for the period-3 interaction is 0.187 outcome standard
deviations.
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Prospectively registered configuration comparisons illustrate the corresponding design
requirements.

5.2.2. Response estimates
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FIGURE 2. Policy overlap and the incentive response

Notes. Panel A reports the estimated bonus effect on average daily FITSBY use by three-week period and
binary limit assignment. Panel B reports the weekly bonus-by-limit coefficient from weeks 4 through 15;
shading marks the bonus-payment weeks 7 through 9. Bars give pointwise 95 percent HC2 intervals.

Figure 2 follows the incentive response across policy timing. In period 3, the bonus reduces
use by 62.88 minutes per day in the limit-control group and by 51.49 minutes under a limit
assignment. The period-3 capacity shift is 11.39 minutes with a standard error of 6.24 and a
two-sided p-value of 0.068. Its sign agrees with the common-cap term in Proposition 9. The
assignment bundles access, enforcement, chosen tightness, and snoozing, so equation (31)
gives the interpretation when effective caps vary with bonus status.

The capacity-shift estimates for periods 2–5 are −0.40, 11.41, −4.64, and −3.03 minutes
on the common 1,903-person sample. The payment-period shift minus the equal-weight
mean of the surrounding shifts is 14.10 minutes, with a standard error of 5.08 and p =
0.0054. Across all four one-period-versus-rest contrasts, Gaussian max-t adjustment gives
p = 0.020 and a simultaneous interval from 1.62 to 26.59 minutes. A 9,999-draw conditional
re-randomization follows the recorded assignment sequence and re-estimates the HC2
standard error in every draw. The weak-null values are 0.0059 for the payment contrast
and 0.0216 after adjustment over the four-period family. At weekly frequency, the mean
shift during weeks 7–9 minus the mean shift in the other nine included weeks is 13.25
minutes, with a standard error of 4.96 and p = 0.0075. Across the ten consecutive three-
week windows, its adjusted value is 0.047 and its simultaneous interval runs from 0.10 to
26.41 minutes. The adjacent weeks 6–8 window has the largest studentized estimate in
that family and an adjusted value of 0.027. The four horizon coefficients have a joint Wald
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TABLE 3. Randomized limit assignment and the response to a temporary use-reduction
bonus

Period 2 Period 3 Period 4 Period 5

Bonus effect without limit -4.76 -62.88 -16.89 -10.98
(3.50) (4.83) (4.41) (4.47)

Bonus effect with limit -5.29 -51.49 -21.15 -13.87
(3.29) (3.93) (4.03) (4.01)

Capacity shift: bonus × limit -0.52 11.39 -4.26 -2.89
(4.81) (6.24) (5.98) (6.01)

Limit effect -24.51 -25.62 -21.86 -20.58
(2.29) (2.89) (2.93) (2.89)

Observations 1930 1932 1931 1933

Notes. Each column reports HC2 estimates from a factorial regression of average daily FITSBY use on bonus
assignment, limit assignment, their interaction, baseline FITSBY use, and randomization-stratum indicators.
Period 3 is the bonus-payment period. Standard errors appear in parentheses.

statistic of 9.12 with four degrees of freedom and p = 0.058.
The limit coefficient ranges from −20.57 to −25.59 minutes per day across periods 2–5.

After each horizon is scaled by its outcome standard deviation, the four-by-two matrix of
bonus and limit coefficients has raw singular values 0.821 and 0.293. The bonus payment
occurs in period 3 and limit access spans periods 2–5. Projecting the response columns
away from these two exposure schedules gives singular values 0.094 and 0.024. The lower-
rank-uniform schedule-adjusted test gives p = 0.066 for rank at most one. The raw rank
records the assigned policies together with their timing; the schedule-adjusted calculation
leaves the residual response rotation unresolved at the 5 percent level.

The six configuration estimates range from a 44.27-minute to a 71.47-minute period-
3 bonus response. Figure 2 reports Gaussian max-t intervals across the six estimates;
a companion family covers the five comparisons with limit control. Each comparison
interval contains zero. The binary configuration contrast supplies the period and timing
estimands.

The released author code specifies the same four equations as Yh ∼ Y1 +L+B+L×B+S.
Its assignment program draws bonus status within eight baseline strata, draws limit status
within stratum-by-bonus cells, and draws snooze delay within the corresponding delayed-
snooze cells. Re-estimation with that equation changes every bonus, limit, and interaction
coefficient by less than 2 × 10−10. The conditional re-randomization preserves treatment
counts within these cells and uses observed outcomes with an HC2-studentized statistic.
The period-3 weak-null value is 0.069. Studentization permits heterogeneous treatment
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effects under the weak-null procedure in Wu and Ding (2021).

5.2.3. Choice over assigned actions

The experiment supplies four attainable actions: neither assignment, bonus alone, limit
alone, and both assignments. Their target changes relative to the control cell are 0, β̂, δ̂,
and β̂ + δ̂ + θ̂. The planner declares a common daily use-reduction target for periods 2–5
and evaluates equation (4) over these four points. Each horizon is weighted by the inverse
of its outcome variance in the 586-person control cell.

TABLE 4. Feasible factorial actions for declared use-reduction targets

Assigned action 15 minutes 30 minutes 50 minutes

None 0.049 0.195 0.543
Bonus 0.124 0.121 0.269
Limit 0.015 0.011 0.158
Bonus and limit 0.272 0.123 0.076

Estimated choice Limit Limit Bonus And Limit
Draw probability of estimated choice 0.998 1.000 0.999

Notes. Each columndeclares the same daily reduction target for periods 2 through 5. The feasible set contains
the four randomized assignment cells. The combined action uses the estimated bonus, limit, and interaction
coefficients. Loss is one half of the squared target gap after each row is divided by the corresponding control-
cell outcome standard deviation. The final row gives the frequency with which 49,999 Gaussian draws from
the joint HC2 coefficient law select the reported action. Costs enter through the boundaries reported in the
text.

With zero activation cost, the estimated action is no assignment for targets below 11.61
minutes, limit alone from 11.61 through 41.53 minutes, and both assignments above 41.53
minutes over the reported zero-to-80-minute range. Table 4 evaluates targets of 15, 30, and
50 minutes. The limit is selected in 99.8 percent and 100 percent of the 49,999 coefficient
draws at 15 and 30 minutes. Both assignments are selected in 99.9 percent of draws at 50
minutes. Let λ denote dollars per standardized target-loss unit and let cL be the resource
cost of limit implementation. At a 30-minute target, limit assignment beats no assignment
when cL < 0.184λ and beats bonus assignment when cL < 76.42 + 0.109λ. At a 50-minute
target, adding the bonus after the limit requires λ > 929.9 when the payment is counted
as an agency outlay. Mean predicted bonus earnings are $76.42. Mean bonus valuation is
$64.07, and mean limit valuation is $4.18 among 1,149 observed responses. A social-welfare
objective assigns the transfer incidence and implementation resources before applying
the same four-action comparison.
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A sequential comparison. The two-stage bed-net pricing experiment in Dupas (2014) pro-
vides a history design. Assignment to a Phase 1 price at or below 50 Kenyan shillings raises
Phase 1 purchase by 37.2 percentage points and purchase from a common 150-shilling
offer one year later by 7.2 percentage points. The within-area randomization values are
0.0001 and 0.0742. A response matrix adds randomized neighborhood exposure; its lower-
rank-uniform test of rank at most one gives p = 0.077. The later estimate records the total
effect of early assignment on response to the common offer.

6. Conclusion

Ahistory of intervention can change the response to the next intervention. Policy response
capacity records this change for a declared target, instrument set, and horizon. Joint unit
transitions separate entry, exit, and changes among continuing units. The baseline law and
the response map carry different information: systems with the same attracting baseline
law can have different response ranks.

The randomized applications give this distinction empirical content at specificmargins.
In myBPmyLife, the fitted current app-use response to a diet notification differs by −1.75
percentage points between the 90th and 10th percentiles of 14-day assigned history, condi-
tional on recorded pre-state and time controls. This is a conditional response contrast; the
total effect of an earlier assignment regime also includes its effect on intermediate states.
The displayed five-window and screened 40-coefficient families give different multiplicity
references, and the exploratory status of the source outcomes remains relevant. In the
digital-use experiment, the response to a temporary bonus varies with the randomized
app-limit configuration. The analysis keeps its post-estimation period contrast separate
from prospectively declared external comparisons.

Response rank also depends on the exposure schedules in the design. The schedule-
adjusted digital-use test gives p = 0.066 for rank at most one. A second residual direction
therefore requires additional evidence about independently varying treatment timing.
Policy choice in the current exercise compares assigned action points and their population
mixtures; the feasible-action condition specifies when a linear-span relaxation has the
same targeting loss.

A stable target gap and a small current response must be read together with the
intervention that is available. The scope applications distinguish population coverage,
delivery-route exhaustion, attrition, and missing measurement. The framework makes
those distinctions explicit, while the online appendix develops additional instruments,
continuation value, and baseline-stability extensions.
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