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Today: what does an experiment measure when people interact?

Lecture question: what does randomization measure, and how can the design measure the effect we
want?
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By the end, you should be able to:

e explain what an A/B test measures when participants affect each other;
e define the causal effect we want and choose how to randomize; and

e recognize what remains open when connections, exposures, or market prices are uncertain.

One person’s treatment can change another’'s outcome: interference.
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Before the break: interaction, effects, then design

e Part 1 — interference and spillover effects: what effect do we want?

e Part 2 — exposure mappings and causal effects: what summary of others' treatments
matters?

e Part 3 — network experiment design: what do we randomize?
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Interference and spillover effects



From earlier lectures: what changes today?

Part 1 — interference: what changes when one person's treatment affects another?
Lecture 1 Lecture 2 Lecture 6
“no interference” writing Y;(a) already treatments can have
assumed no interference effects at later times
Y
today: drop the assumption

e Earlier lectures assumed no interference between patients: each patient’s outcome depends on
their own treatment or treatment history.

e Lectures 3-6 observed the registry; today we randomize an adherence programme on the same
patients, now linked by clinics and a peer network.
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Units interact in three ways

t+1]
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e Network: infection spreads along edges; higher vaccine coverage protected unvaccinated
neighbours.
e Market: units compete for a limited resource; job counselling displaced untreated job seekers.
e Time: when one market is switched between arms, each period is a unit; yesterday's treatment
still acts today, so periods interfere with each other.
Perez-Heydrich et al. (2014); Crépon et al. (2013); Blake and Coey (2014)
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With two units, each has four potential outcomes

Yi(a), ae€{0,1}": 2" potential outcomes
unit 2: 0 unit 2: 1

When the target is unit 1's treatment effect:
e Across a column, only unit 1's own treatment

unit 1: 0 Y1(0,0) Y1(0,1) changes: the direct effect,
Y1(1,0) — Y1(0,0).

e Across a row, only unit 2's treatment changes:
the spillover effect, Y1(0,1) — Y1(0,0).

unit 1: 1 Y1(1,0) Yi(1,1)

e An experiment reveals one cell per unit; “treat
everyone”, a = 1, is usually not observed.

No interference, Yi(a1, a2) = Yi(a1), drops the second argument (Cox, 1958); with no hidden versions of treatment, it forms
SUTVA (Rubin, 1980).
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In this example, the A/B test misses the spillover benefit

e Own enrolment adds 6 (direct);

n = 1800
167 enrolled peers add up to 8, even
2 H to the unenrolled (spillover).
124
2 2] L 10] e Global effect: everyone
S H
g E & enrolled vs. no one, 6 4+ 8 = 14.
& ¢ 6—{ } 3 o
10 ol e Both arms have similar peer
5 — bl effect 14 2 — ol efect enrolment, so the contrast
— = direct effect 6 @ A/B estimate, 95% range .
ol 0 estimates only 6.
6 8 10 12 14 600 1,800 5,400
difference in means, Bernoulli design patients

e Tripling the sample narrows the
interval, not the gap to 14.

More patients improve precision; they do not change which effect this design measures.
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The bias has no fixed sign

limited clinic slots

peer effect

\@

control patients also gain,
so the contrast shrinks

enrolled patients book slots first,
so the contrast grows

peers: diluted shared capacity: inflated

e Peers: an enrolled patient encourages their peers, so control patients also improve and the A/B
contrast understates the launch effect.

e Shared capacity: the programme helps enrolled patients book a clinic’s limited follow-up slots
first, so control patients get fewer and the contrast overstates it.

e Knowing that interference exists does not tell you which way the A/B test is wrong.

The same competition on online platforms: Johari et al. (2022b); Li et al. (2022).
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Exposure mappings and causal
effects



An exposure mapping summarizes who received treatment

Part 2 — causal effects: how do we define and estimate an effect when patients affect each other?

Roadmap: Q2.1 define exposure — Q2.2 define effects — Q2.3 estimate, given the design — Q2.4 check the mapping.

whole assignment i
‘ £ }m; exposure d;(a) Yi(d)
a=(ai,...,an)
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An exposure mapping summarizes who received treatment

Part 2 — causal effects: how do we define and estimate an effect when patients affect each other?

Roadmap: Q2.1 define exposure — Q2.2 define effects — Q2.3 estimate, given the design — Q2.4 check the mapping.

whole assignment summarize
a=(a1,...,an)

Y:(a) = Yi(a’) whenever d;(a) = d;(a’), d; takes a few values

exposure d;(a) Yi(d)

di(+) is the exposure mapping, or effective treatment; a value d is an exposure.

e No interference: d; = a;.

One-hop (only neighbours matter): d; = (a;, any neighbour treated).
e Partial interference (only the group matters, next slides): d; = (a;, group coverage).

Manski (2013); Aronow and Samii (2017)
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Partial interfe

Q2.2 — effects: with exposure = (own enrolment, clinic coverage), which effects can we define?

o0—O

clinic 1: many connections clinic 2: few connections
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Partial interference: units nested in groups

Q2.2 — effects: with exposure = (own enrolment, clinic coverage), which effects can we define?

o0—O

clinic 1: many connections clinic 2: few connections

e Two levels: groups (clinics) contain units (patients); each patient belongs to exactly one clinic.

Partial interference: a patient’s outcome depends only on treatments in their own clinic.

e Same structure: members in households, pupils in schools, job seekers in labour markets.

Coverage: the proportion of a group's units treated; the exposure is
di = (aj, coverage of i's group).

The term is from Sobel (2006); the clinic network is constructed.

2 e Causal effects 9/43



Four effects from one design

not enrolled

enrolled

each cell is one exposure d = (a, &)

coverage « coverage o’
indirect
Y (0; ) Y(0; /)
[OtS/A
Y(1; ) Y(1; /)

overall: clinic averages

direct

Direct: Y(1;0') — Y(0;a’), own
enrolment, coverage fixed.

Indirect: Y(0; ') — Y(0; «), spillover
on the unenrolled.

Total: Y(1;0') — Y(0; ) = direct +
indirect.

Overall: Y(o) — Y(a), where the
group average is

Y(a)=a¥Y(1;a)+ (1 - a)Y(0;a).

Total Y(1;0) — Y(0; a) is the global effect only if @’ = 1,a = 0, as in whole-clinic

randomization, which loses direct and indirect.

Hudgens and Halloran (2008).
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Partial interfe : randomize twice

one stage: clinics one stage: patients two stages

‘ooooo’ ‘ooooo’ ‘ooooo’ ‘ooooo’ ‘ooooo’ ‘ooooo’

00000 00000 00000 00000 (1 Jelele; 00000
coverage 1 coverage 0 coverage 0.5 coverage 0.5 coverage 0.7 coverage 0.3
whole clinic in or out: coverage never varies: both vary:
global effect only direct effect only all four effects
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Partial interference: randomize twice

one stage: clinics one stage: patients two stages

‘ooooo’ ‘ooooo’ ‘ooooo’ ‘ooooo’ ‘ooooo’ ‘ooooo’

00000 00000 00000 00000 (1 Jelele; 00000
coverage 1 coverage 0 coverage 0.5 coverage 0.5 coverage 0.7 coverage 0.3
whole clinic in or out: coverage never varies: both vary:
global effect only direct effect only all four effects

e Stage 1: randomly assign each clinic a coverage, @ = 0.3 or o’ = 0.7; comparing clinic averages
gives the overall effect.

e Stage 2: within each clinic, randomly enrol that fraction; the spillover cancels within a clinic: the
direct effect.
e Both: indirect and total compare a subgroup across coverages, so they need random coverage
and random subgroups.
Design drawn from Hudgens and Halloran (2008). One connected network has no separate groups, so Part 3 uses graph designs.

2 e Causal effects 11/43



Real data:

cholera vaccination in Bangladesh

DE(a)
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From Perez-Heydrich et al. (2014,
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2 e Causal effects

Groups: no natural groups; the authors
clustered household locations into 700
neighbourhoods and assumed no
transmission between them (similar results
with 400 or 1,100).

Coverage was not randomized: people
chose whether to join the trial, so exposure
probabilities come from a participation
model, unlike a two-stage design.

(A) the direct effect falls as coverage rises;
(B)—(D) indirect, total, and overall effects
over pairs of coverage levels.

Fig. 3); weighting estimators: Tchetgen Tchetgen and VanderWeele (2012).
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Technical core 1: weight each unit by its exposure probability

Q2.3 — estimation: how do we estimate an effect defined through exposure, for a given design?

H - V — 1 - .
Estimand:  V(d) = — ; Yi(d)
Estimator: V(d) == WDi=d}Yi o d) = (D, = d}

n mi(d) ’

e Y(d): mean outcome if every patient had exposure d; an effect is 7 = Y(d) — Y(d’).

Aronow and Samii (2017).
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Technical core 1: weight each unit by its exposure probability

Q2.3 — estimation: how do we estimate an effect defined through exposure, for a given design?

n
Estimand: Y(d) = %Z Yi(d)
i=1

Estimator: \:/(d) = % E %, 7i(d) = P{D; = d}
Tj
i=1

e Y(d): mean outcome if every patient had exposure d; an effect is 7 = Y(d) — Y(d’).
e D; = di(A): the exposure the random assignment produces; 7i(d) is fixed by the design.

Aronow and Samii (2017).
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Technical core 1: weight each unit by its exposure probability

Q2.3 — estimation: how do we estimate an effect defined through exposure, for a given design?

_ 1<
Estimand:  Y(d) == Yi(d)
n
i=1
= 1~1{D;=d}Y;
Estimator: Y(d)= — _— i(d) =P{D; =d
( ) n ; 7T,(d) 9 7T’( ) { ! }
e Y(d): mean outcome if every patient had exposure d; an effect is 7 = Y(d) — Y(d’).
e D; = di(A): the exposure the random assignment produces; 7i(d) is fixed by the design.
e On D; = d, the observed Y; equals Y;(d), and E[1{D; = d}] = m;(d), so E{Y(d)} = Y(d).

Aronow and Samii (2017).

2 e Causal effects 13/43



Technical core 1: weight each unit by its exposure probability

Q2.3 — estimation: how do we estimate an effect defined through exposure, for a given design?

n
Estimand: Y(d) = %Z Yi(d)
i=1

n

Estimator: \:/(d) = %Z %, 7i(d) = P{D; = d}
i=1 !

Y (d): mean outcome if every patient had exposure d; an effect is 7 = Y(d) — Y(d').

D; = d;(A): the exposure the random assignment produces; mi(d) is fixed by the design.
e On D; = d, the observed Y; equals Y;(d), and E[1{D; = d}] = m;(d), so E{Y(d)} = Y(d).

e This is the Horvitz—Thompson estimator; the normalized (H4jek) version divides by the sum of

weights and can improve stability.

Aronow and Samii (2017).
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Technical core 2: some variance terms cannot be estimated

‘ i: all peers treated ’

—@ ‘ P{D;=d, Dj=d'} =0 ’
t

{j: all peers control }

e The variance of \_’(d) needs joint exposure probabilities for every pair; two tied units can never be
in these two exposures at once, so that term has only a conservative bound.

e Small 7;(d) gives large weights and unstable estimates, even when the estimator is unbiased.
Aronow and Samii (2017); design fixes this, Part 3.
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Unknown interference: the estimated effect depends on the design

Q2.4 — wrong mapping: what if the exposure mapping is wrong or unknown?

e Standard estimators still converge, to the expected
average treatment effect (EATE): change one
unit's treatment, averaging over others’
assignments drawn from the design, so a different
design targets a different effect.
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Unknown interference: the estimated effect depends on the design

Q2.4 — wrong mapping: what if the exposure mapping is wrong or unknown?

e Standard estimators still converge, to the expected
average treatment effect (EATE): change one

unit's treatment, averaging over others’

assignments drawn from the design, so a different "o
design targets a different effect. T e

e Error falls at the root-n rate if interference is Amount of interference per unit, dq.g:
bounded, more slowly if it grows, not at all if — 1, none —— 25, bounded
proportional. === gn'/* — 2.5n'/2

= == 0.25n, proportional
Answer: still an average effect over the design, but not the effect of treating everyone.

From Savje et al. (2021, supplement, Fig. B2, panel A of three designs): error of the normalized estimator against sample size.
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Network experiment design




ould we randomize: patients or groups?

Part 3 — design: Part 2 took the design as given; now choose it so the target exposure is common.

Roadmap: Q3.1 choose the design — Q3.2 test for spillover — Q3.3 peer influence.

Why it matters: online platforms such as Facebook and LinkedIn run experiments on observed
networks at scale; the designs began in computer science (KDD), then statistics (Eckles et al., 2017).

Target: the global effect, everyone treated vs. no one.

16/43
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at should we randomize: patients or groups?

Part 3 — design: Part 2 took the design as given; now choose it so the target exposure is common.

Roadmap: Q3.1 choose the design — Q3.2 test for spillover — Q3.3 peer influence.

Why it matters: online platforms such as Facebook and LinkedIn run experiments on observed
networks at scale; the designs began in computer science (KDD), then statistics (Eckles et al., 2017).

Target: the global effect, everyone treated vs. no one.

e Rare exposures: for a patient, “everyone treated” is “you and 4 neighbours treated”: 1/32.
e Diluted contrast: both groups have half their neighbours treated: only the direct effect.

e Clusters fix both: neighbours treated together make full exposure common; fewer assignments.

bias from interference falls

patient }—){ cluster }—){ graph cluster }—){ ego cluster

variance rises: fewer independent assignments
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cluster randomization

(@ Fraction of neighbors treated B
25 05 075

ur\“‘argeoIk

conf]

o i
®

O or Fracton of neighbrs treated B
w00 025 05 075 1.0

EgoA

EgoB

1]
e

Ideal: Universe A, everyone gets A, versus Universe B, everyone gets B.

(a) Individual randomization: an ego (the person we measure) has half A, half B neighbours.

(b) Cluster assignment: one coin per loosely linked cluster; neighbours share the ego’s version.

e For unit i, neighbours in clusters of size k;: full exposure has probability 275 .

Unlike Part 2, clusters are cut from one network, not assumed sealed: edges between them leak,
so bias falls but stays.

From Ugander et al. (2013, Fig. 1); registry figures are from constructed data.
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Graph cluster randomization: estimand and estimator

Q3.1 — choose the design: what does a cluster design estimate, and with which estimator?

el = %Z{v,(n ~Yi(0)}
i=1

1 1EY Y UEYY
Estimator: 7¢rp = ;2{ phi - (1 —P)k"}

e E7: i and all its neighbours get a (full exposure); k;: clusters touching i's neighbourhood.

Ugander et al. (2013); one coin per cluster with probability p; p = 1/2 gives the 27 ki of the previous slide.
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Graph cluster randomization: estimand and estimator

Q3.1 — choose the design: what does a cluster design estimate, and with which estimator?

el = %Z{v,(n ~Yi(0)}
i=1

_ %21:{1{1;} Y, 1{E}} y,}

Estimator: 7q71p =
(L= p)k

e E7: i and all its neighbours get a (full exposure); k;: clusters touching i's neighbourhood.

e Under one-hop interference (only own and neighbours’ treatments matter), fqrg is unbiased:
Part 2's Horvitz—Thompson, d = full exposure.

Ugander et al. (2013); one coin per cluster with probability p; p = 1/2 gives the 27 ki of the previous slide.
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Graph cluster randomization: estimand and estimator

Q3.1 — choose the design: what does a cluster design estimate, and with which estimator?

el = %Z{v,(n ~Yi(0)}
i=1

_ %21:{1{1;} Y, 1{E}} y,}

Estimator: 7q71p =
(L= p)k

e E7: i and all its neighbours get a (full exposure); k;: clusters touching i's neighbourhood.

e Under one-hop interference (only own and neighbours’ treatments matter), fqrg is unbiased:
Part 2's Horvitz—Thompson, d = full exposure.

e Fewer clusters per neighbourhood (small k;): full exposure is common, weights won't be small.
Ugander et al. (2013); one coin per cluster with probability p; p = 1/2 gives the 27 ki of the previous slide.
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Exact tests without a model: hold selected patients’ treatments fi

Q3.2 — test: in a randomized experiment, is there any spillover at all?
‘ ‘ focal f: treatment fixed,
e outcome used

others ?: re-randomized
by the design

e Null of no spillover: Yi(a) = Yj(ai) for every patient.
e Core idea: fix the focal units' treatments, re-randomize the rest; under the null, focal outcomes
cannot change.

e Statistic: focal outcomes vs. treated non-focal neighbours; p-value as in Lecture 2's Fisher test.

Drawn from the construction in Athey et al. (2018); generalizations: Basse et al. (2019), Puelz et al. (2022).
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Exact tests: the procedure step by step

Q3.2 — test: Ho: Yi(a) = Yi(a;) for every patient; the design P(A) is known.

1. Choose focal units F before seeing outcomes, e.g. a random half of the patients.

2. Statistic: T = corricr (Vi — Yam(), Si(A)), where s;(A) is the proportion of i's non-focal
neighbours being treated.

3. Re-draw: for b=1,..., B, draw A® from the design with Ar held fixed; recompute T®) with

the same focal outcomes.

4. pvalue: p= (1+#{b: |T®| > |Tousl}) /(B +1).

Why it is exact: under Hp a focal outcome depends only on its own treatment, which is fixed, so
every re-draw leaves Yr unchanged and the null distribution of T is known, with no model. Unlike
Lecture 2's sharp null, own treatment may matter, so only focal outcomes can be filled in.
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Peer effects: contagion or homophily?

Q3.3 — peer influence: does peers’ behaviour change a patient’s outcome?

New target: the effect of peers’ behaviour W (e.g. adherence), not of their treatment A.

contagion
Wi Y;
» A
\ 7/
O5 O
~x_ P 4
shared traits U

e Challenge in observational data: W is not randomized; similar people connect (homophily), so
shared U mimics a peer effect.

e Ogburn et al. (2024): Framingham's obesity “contagion” vanishes once network structure is
modelled.

Forastiere et al. (2021); Ogburn et al. (2024)
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Randomize upstream of behaviour:

nism and encouragement de

From

3 e Design

All mechanisms enabled

W, EM,

All mechanisms disabled

z

Encourage all peers

v,

Encourage no peers

e Target: the effect of peers’ behaviour W (e.g.
adherence) on a unit's Y. Red = 1, grey = 0; squares
are randomized.

e (A) Mechanism design: randomly switch on or off
the channel by which a unit sees peers’ behaviour.

e (B) Peer encouragement: randomly nudge peers
(Z); Z shifts W and reaches Y only through W, so it
is an instrument for W.

Eckles et al. (2016, Fig. 1); ego clusters at LinkedIn: Saint-Jacques et al. (2019); at scale: Karrer et al. (2021).
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Short break



After the break: markets, then resea uestions

e Part 4 — marketplace and switchback experiments: who competes for a shared resource, and
how long do treatment effects last?
e Part 5 — research under interference: what can we do when connections, exposure summaries,

or market responses are uncertain?
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Marketplace and switchback
experiments




Recall the target: the global treatment effect

4 e

Part 4 — markets and time: when customers share supply, or one market is tracked over time, what
does an A/B test estimate?

Roadmap: Q4.1 the target — Q4.2 which side to randomize — Q4.3 measure the bias — Q4.4 switch over time.

Same target as Parts 1 and 3: global treatment effect (GTE), everyone treated vs. no one. A
one-sided A/B test instead treats a fraction p of one market and compares its two arms, Tas(p).

rare = E Y(all) — E Y(none) vs. 7as(p) = E(Yr — Y¢)
Under interference, a one-sided A/B test answers “treated vs. control in a mixed market”, not
“everyone vs. no one"; more data does not close the gap, only design can.

GTE: Johari et al. (2022b); toy market constructed, 2,000 replications.
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A two-sided market: interference runs through scarce supply

The platform shows some customers a lower booking fee. Customers book listings: the items on the
supply side, such as homes on Airbnb.

‘ home 1 ’ ‘ home 2 ’ ‘ home 3 ’ ‘ home 4 ’
LU
AN S o
AN ~
treated customers: lower fee, book more control customers: find the homes taken

e A treated customer who books a home takes it away from a control customer.
e So the control arm looks worse than in an untreated market: the two arms are not independent.

e Randomizing listings instead reverses the roles: treated listings take customers from control
listings.

Setting and names: Johari et al. (2022b).

4 e Markets and time
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Randomize one side: the scarce side decides which test is biased

Q4.2 — which side: customers or listings?

randomize who takes from whom

overstates when

customers, customer-side (CR)

treated customers take listings from control customers
listings, listing-side (LR)

listings are scarce

treated listings take customers from control listings customers are scarce

CR fine in between: LR fine
LR overstates both can be biased CR overstates
customers scarce

listings scarce

Johari et al. (2022b); eBay buyer/seller tests: Blake and Coey (2014); Li et al. (2022)
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Randomize both sides: treat a pair only if both sides are treated

e Two-sided randomization (TSR): randomize customers
and listings; a booking gets the lower fee only if both its

listing T listing C customer and its listing are treated.
e Treating all listings gives CR back; treating all
customer T [ |ower fee | usual fee customers gives LR. TSR sits between them and is
robust whichever side is scarce.
customer C | usual fee usual fee e Similar to Part 2's two-stage (nested) design: the four
cells separate direct from spillover. Here, the two

Clali7 (02 (7] CEl) e U T randomizations are on two sides, customers and listings,

and the treated unit is the pair (a multiple
randomization design).

Two-sided randomization: Johari et al. (2022b); multiple randomization designs: Bajari et al. (2023). Estimators: next slide
(optional).
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Technical: the market estimators (optional)

4 e

Notation: customer i treated with probability pc, listing j with probability p;; Q.p is the booking rate

of customers in arm a with listings in arm b (1 = treated, 0 = control).

customer-side (CR), pp =1 listing-side (LR), pc =1 two-sided (TSR)
ACR _ Qu Qo ALR _ Qu Qo ATSR _ Qi Qo1 + Quo + Quo
pc 1—pc p. 1-—po pcphL 1— pcpe

e In Johari et al.’s model, customers arrive at rate A and booked listings free up at rate u; \/p is
the “customers per available listing” axis of the earlier slide.

e CRis unbiased as A/pt — 0 and LR as A\/p — oo; TSR with pc, pi chosen from A/p is unbiased
in both limits.

e Bias corrections for TSR use the three grey cells: less bias, more variance.

Johari et al. (2022b), Thms 3-4, Prop. 4, eq. 21 and Corollary 1.
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Measure the bias by design: a meta-experiment on Airbnb

Q4.3 — measure the bias: run two designs at once and compare

bookings per listing

bias = Tiisting — Teluster = —0.068, about 20% of —0.345

e A guest-fee change, March 2019, 2.6 million
listings and grouped into clusters: 25% randomized
listing by listing, 75% cluster by cluster.

e Both designs ran in the same weeks, so the gap is

I A interference bias: a lower bound, since guests also
—0.345 switch between clusters.
listing-level cluster e Part 3's cluster randomization, used to measure the
Bernoull fahcomizeg bias without a model of the market.

Holtz et al. (2025), Tables 2-3 (published version; bars show 95% intervals). The 2020 arXiv version analyses different data.
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Switchbacks: the exposure is the recent assignment path

Q4.4 — over time: one market, switched between arms in blocks of periods

| window W;_ .+, t =8, m = 2: all treated
1 2 3 4 5) 6 7 8 9 10 11 12
1
Tm = Seoml Ye(lmi1) = Ye(0mi1)}
~ 1 I(Wt—m't — 1) I(Wt—m‘t = 0)
S N Y, : _ g
=, Leem t{IP’(Wt_,,,:t —1) P(Wpme = 0)}

e No anticipation and m-carryover: Y; depends only on W;_,.;. Fair coin per block:
P(Wieme=1) = 27, J = blocks touched; #,, is unbiased.
e Part 2's HT estimator with exposure d;

Wi _m:t; carryover is Lecture 6's treatment history.
Bojinov et al. (2023), Assumptions 1-2, eq. (1), eq. (4), Proposition 1.

4 e Markets and time
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here to switch:

coin coin coin coin
T=12, m=2
1 2 3 4 5 6 7 8 9 10 11 12
T =nm, n>4: switch at {1, 2m+1, 3m+1, ..., (n—2)m+ 1}, fair coins

e Minimax over bounded outcomes: blocks of m, but 2m at the ends, so end periods can be fully
exposed.

e Unknown m: assuming too large an m keeps 7 unbiased; too small biases it.

e Carryover that fades but never ends: drop a burn-in at each block start; error ~ (log T/T)/?,
not T %/3.

Bojinov et al. (2023), Theorems 1-2 and Sections 4.3—4.4; fading carryover: Hu and Wager (2022) (preprint, version 5).
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Research questions under
interference




at can go wrong, and what researchers try

» Q5.1 Incomplete exposure summary: units outside our exposure mapping may also interfere.
e Q5.2 Unknown connections: we do not observe who is connected to whom.

e Q5.3 Which uncertainty: our intervals treat the network as fixed.

Q5.4 Whom to treat: Lecture 6's treatment rules assume no spillovers.

Q5.5 Changing prices: treating some units can move prices for everyone.

5 e Five questions
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hat if the exposure summary complete?

Q5.1 — exposure summary: what if units outside our exposure mapping also interfere?

OO 0000

influence decays with network distance

e Core idea: replace “only these units interfere” with “far units interfere little”.

e The faster influence decays, the more accurate the estimates; a normal approximation gives valid
intervals (Leung, 2022).

e Limit: the decay rate cannot be checked from one network, and the target effect still depends on

the design.
Leung (2022).
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at can go wrong, and what researchers try

e Q5.1 Incomplete exposure summary: units outside our exposure mapping may also interfere.
— let far units interfere a little, with influence decaying by network distance.

» Q5.2 Unknown connections: we do not observe who is connected to whom.

e Q5.3 Which uncertainty: our intervals treat the network as fixed.

Q5.4 Whom to treat: Lecture 6's treatment rules assume no spillovers.

Q5.5 Changing prices: treating some units can move prices for everyone.
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Q5.2a: without the network, the contrast gives the direct effect

Q5.2 — unknown connections: without the network, what does treated versus control estimate?

Example: Y = b+ 1-own treatment + 0.5 - #treated neighbours, four neighbours each.

contrast = 1 Q /<>

global =3 )

o

treated unit control unit everyone treated: never observed
Y=b+1405-2 Y=b+0+4+05-2 Y=b+14+05-4

e Why: treated and control units have the same treated neighbours on average, so the spillover
cancels, leaving the direct effect, 1.
e Core idea: no network needed, only limited interference (next slide).

e Limit: the global effect (GTE, Part 4) needs “everyone treated”, which is never observed.

Savje et al. (2021).
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Qb5.2a: which estimators still work, and what is “small”?

Q5.2 — unknown connections: which estimators survive, and how much interference is too much?

Estimator Without the network

difference in means works: targets the EATE

Horvitz—Thompson/Hajek, 1/P(A; = a): own coin only works: targets the EATE
Horvitz—Thompson/H3jek, 1/P(D; = d), Part 2: needs the neighbours fails: not computable

e EATE (Part 2): 23" E{Yi(1,A_;) — Yi(0,A_;)}, A_; from the design; here 1, not the GTE 3.
e How much interference: d; = number of units whose treatment can change Y; (itself and
neighbours, here 1 +4 = 5); davg is its average. It counts who interferes, not how strongly.

e “Small” means davg/n — 0; the error shrinks like \/davg/n, though the usual standard errors
need not be valid (Savje et al., 2021):

davg fixed sparse network, few neighbours each error 1/ﬁ the usual rate
davg o< /N neighbourhoods widen with n error n—1/4, slower
davg X N everyone affects everyone, as in a market  error does not shrink
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Q5.2b: recover the global effect by varying the treatment pro

Q5.2 — unknown connections: can we reach “everyone treated" without seeing the connections?

Same example as Q5.2a, now treating each unit with probability p.

mean Y e 4p treated neighbours on average, so
b+3 extrapolate O E[lY|A=1=b+p+05-4p=b+3p: no
L’ network needed.
GTE e Fit a line at two p; the rise from 0 to 1 is the GTE, 3.
/" run at =& e Core idea: a degree-f response gives a degree-3
b p=0.1,03 polynomial in p, fixed by 8 + 1 values of p.
0 0.5 1\ p e Limit: the model replaces the network, and the

extrapolation relies on it.

Yu et al. (2022), who call the GTE the total treatment effect; staggered rollouts: Cortez et al. (2022).
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Q5.2c: two answers to an unknown network

Q5.2 — unknown connections: which answer should we choose?

Settle for less: Savje et al. (2021) Buy a model: Yu et al. (2022)
Target direct effect, averaged over the design (1) GTE, everyone versus no one (3)
Assumption limited interference, davg/n — 0 polynomial response to treated neighbours
Design any single randomization several p, or a staggered rollout
Estimator difference in means; weighting fit a polynomial in p; extrapolate to 0 and 1

Both drop the network: one weakens the target, the other adds a model.
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What can go wrong, and what researchers try

e Q5.1 Incomplete exposure summary: units outside our exposure mapping may also interfere.
— let far units interfere a little, with influence decaying by network distance.

e Q5.2 Unknown connections: we do not observe who is connected to whom.
— settle for the direct effect, or add a response model and vary the treatment probability.
» Q5.3 Which uncertainty: our intervals treat the network as fixed.

e Q5.4 Whom to treat: Lecture 6's treatment rules assume no spillovers.

e Q5.5 Changing prices: treating some units can move prices for everyone.
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hat randomness should our uncertainty describe?

Q5.3 — which uncertainty: should our interval treat the network as fixed, or as one random draw?

fixed graph uncertainty for | random graph

randomness from the design only " which population? " the network itself is a draw

e Core idea: model the network as a random draw; the uncertainty then also depends on the
network model.

e Average direct and indirect effects can be defined so that they stay meaningful under general
interference.

e |t depends on: do we want uncertainty for this network, or for similar networks?
Li and Wager (2022); Hu et al. (2022)
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What can go wrong, and what researchers try

e Q5.1 Incomplete exposure summary: units outside our exposure mapping may also interfere.
— let far units interfere a little, with influence decaying by network distance.

e 5.2 Unknown connections: we do not observe who is connected to whom.
— settle for the direct effect, or add a response model and vary the treatment probability.

e Q5.3 Which uncertainty: our intervals treat the network as fixed.
— model the network as a random draw; say which population the interval is for.

» Q5.4 Whom to treat: Lecture 6's treatment rules assume no spillovers.

e Q5.5 Changing prices: treating some units can move prices for everyone.
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uld we treat when benefits spread?

Q5.4 — whom to treat: how do we choose whom to treat when the benefit also reaches neighbours?

Dj|Zi, Ri, R ~ P(Z;, Ri, RY) w(X;)

(V.. 2.2, Di. D) B, ] (X)L cz

1. Experiment (left): randomize with known probabilities; record own and neighbours’ treatments.

2. Learn the rule: estimate each rule’s welfare W(7) = 2 3" E[Y;(7(Xi), m(X,))]. the mean
outcome if everyone follows 7, where 7(Xjy,) are the neighbours' treatments; pick the best 7, as
in Lecture 6.

3. Apply it (right) to the whole network, observed at the time of treatment.

From Viviano (2025, Fig. 1).
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What can go wrong, and what researchers try

e Q5.1 Incomplete exposure summary: units outside our exposure mapping may also interfere.
— let far units interfere a little, with influence decaying by network distance.

e 5.2 Unknown connections: we do not observe who is connected to whom.
— settle for the direct effect, or add a response model and vary the treatment probability.

e Q5.3 Which uncertainty: our intervals treat the network as fixed.
— model the network as a random draw; say which population the interval is for.

e Q5.4 Whom to treat: Lecture 6's treatment rules assume no spillovers.
— choose whom to treat counting the benefits that reach neighbours.

» Q5.5 Changing prices: treating some units can move prices for everyone.
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Q5.5: what if treatment changes market prices?

Q5.5 — changing prices: what if treating some units changes the price for everyone?

direct e Unit /: a household; A;: cash transfer, randomized;
Yi(a, p): eggs bought at village price p.

o In equilibrium, 3. Yi(Ai, p) = S(p) (eggs bought =
eggs supplied), so P = p*(A) depends on everyone’s

treatment.
e Exposure = (own treatment, price); compare no one
through the price - vs. everyone treated, each at its clearing price.
Yi

e Every unit affects every other, so dayvg x n: Q5.2's

result and cluster designs do not help.

Not a sparse network but one shared price: market structure replaces the graph.

Munro et al. (2025).
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Q5.5: correct the direct effect for the price change

Q5.5 — changing prices: how do we get the GTE when treating everyone changes the price?

1. Experiment: both arms pay the same price, so the contrast
is the direct effect 7Tq4irect at the experiment'’s price; too
large (b).

2. Slopes: small random price changes reveal the demand
slope Bp < 0 and the supply slope 3s > 0.

50
Price

supply under treatment and control. Prices are

3. Combine (a): treating everyone raises demand by 7qirect, SO
the clearing price is higher by Ap* = Tairect /(Bs — Bp):

Bs

TGTE = Tdirect + B0 AP = Tdirect + =————.
Bs — Bp

Limit: linear approximation; poor if the two prices are far apart.

02 03
Treatment Effect

From Munro et al. (2025, Fig. 1) (their total effect = GTE); Wager and Xu (2021); Bright et al. (2025).
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What can go wrong, and what researchers try

Q5.1 Incomplete exposure summary: units outside our exposure mapping may also interfere.

— let far units interfere a little, with influence decaying by network distance.

e Q5.2 Unknown connections: we do not observe who is connected to whom.
— settle for the direct effect, or add a response model and vary the treatment probability.

e Q5.3 Which uncertainty: our intervals treat the network as fixed.
— model the network as a random draw; say which population the interval is for.

Q5.4 Whom to treat: Lecture 6's treatment rules assume no spillovers.
— choose whom to treat counting the benefits that reach neighbours.

Q5.5 Changing prices: treating some units can move prices for everyone.
— correct the direct effect for the price change, using supply and demand slopes.
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Summary




Interference is a d n problem first

1. target effect }—){ 2. exposure }—)‘ 3. randomization unit

- = 1
‘ wrong mapping network unknown too few clusters ’

(network known) (mapping may be fine) or time blocks

exact tests; let far settle for the direct choose groups or block
units interfere a little effect, or vary the lengths for precision
treatment probability

Define the effect, summarize exposure, and choose assignments that produce it often enough.
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e Lecture 8, October 30: unmeasured confounding; similarity between connected people can create
confounding.

e Reading: Aronow et al. (2021) for Half I; Larsen et al. (2024) for Half II.
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