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Toy example: Does financial inclusion lead to increased savings?

Setting: we want to measure the effectiveness of a new program
that provides low fee savings accounts for El Salvadorans.

Identification problem: (selection) those who sign up are likely
to be better off financially even without this particular account.

Mechanism: this treatment will only have an impact if the
customer is able to interact with the bank.*

*For the sake of this example, imagine that customers are occasionally—and
randomly—unable to deposit, withdraw, or transfer their funds due to an
imperfect rollout of this banking intervention.

,
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We can simulate a dataset with a few lines of code. The treatment
effect is a $200 increase in yearly savings.

U

T M Y

U ∼ Bern(0.5) financial savvy
T ∼ Bern(0.25+ 0.5 · U) savings account
M ∼ Bern(0.67 · T) usable account
Y ∼ N(500+ 500 · U+ 300 ·M,252) yearly savings

,
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The data generating process for this story suggests that the treat-
ment effect is facilitated by an exogenous mediator M.

U

T M Y

There are three properties of M that stand out to me:

1. M facilitates the full effect of T on Y
2. M is independent of U, thus T → M seems identifiable
3. M → Y also seems identifiable after controlling for T

,
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The exogenous mediator allows us to separately estimate the im-
pacts of treatment on the mediator and mediator on the outcome,
scale the former by the latter, and avoid confounding factors.

Simplest implementation (seemingly unrelated regression):

SUR :

{
Mi = π + λ · Ti + ϑi

Yi = α+ γ ·Mi + δ · Ti + εi

Then β̂RF = λ̂ · γ̂. (You can bootstrap or delta-method the error.)

This “filtering” is useful in settings with selection into treatment. It
opens up an additional avenue for effect identification when the
assumptions underlying other popular strategies are not met.

,
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The “random filter” identification strategy is able to remove selec-
tion bias by using the exogenous mediator.

OLS Random Filter
naïve benchmark first second
Y Y M Y

T ４５３.７７ １９９.７４ ０.６７ ２４５.６７
(４.８１) (２.３７) (０.０１) (６.１９)

M . . . ３１０.５４
(６.５７)

U . ５０３.８３ . .
(２.３７)

cons ６２３.８６ ４９８.９５ ０.００ ６２３.８６
(３.３８) (１.５５) (０.００) (３.０６)

β = $200. Random Filter estimate: 0.67 · $310.54 = $208.06.

,
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Additional direct or indirect causal mechanisms–like a sign-up
bonus–could impact savings, but aren’t intercepted by the medi-
ator. What will the random filter identify here?

U

T M Y

U ∼ Bern(0.5) financial savvy
T ∼ Bern(0.25+ 0.5 · U) savings account
M ∼ Bern(0.67 · T) usable account
Y ∼ N(500+ 500 · U+ 300 ·M+ 30 · T,252) yearly savings

,
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The random filter can only measure the effect that M intercepts.

OLS Random Filter
naïve benchmark first second
Y Y M Y

T ４８２.７７ ２２９.７４ ０.６７ ２７５.６７
(４.８１) (２.３７) (０.０１) (６.１９)

M . . . ３１０.５４
(６.５７)

U . ５０３.８３ . .
(２.３７)

cons ６２３.８６ ４９８.９５ ０.００ ６２３.８６
(３.３８) (１.５５) (０.００) (３.０６)

βtotal = $230, βM = $200, β̂RF = $208.06 (same as before).
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What if some errors aren’t exogenously-driven? Then the media-
tor is only conditionally-exogenous.

U

T M Y

F

U ∼ Bern(0.5) financial savvy
T ∼ Bern(0.25+ 0.5 · U) savings account
F ∼ Bern(0.25+ 0.5 · U) banking familiarity
M ∼ Bern((0.34+ 0.67 · F)·T) usable account
Y ∼ N(500+ 500 · U+ 300 ·M,252) yearly savings

,
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Running both stages of the random filter while controlling for fa-
miliarity restores the ability to identify the treatment effect.

OLS Random Filter
naïve benchmark first second
Y Y M Y

T ４７８.８２ ２００.６２ ０.６７ １９４.２４
(５.１０) (２.１１) (０.０１) (６.４９)

M . . . ３０６.８４
(７.６１)

U . ５５１.７６ . .
(２.１１)

F . . ０.３３ １９７.７０
(０.０１) (４.７７)

cons ６２３.７８ ４８６.９９ -０.１２ ５５０.２６
(３.５９) (１.３９) (０.００) (３.２７)

β = $200, β̂RF = $205.58.
,
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Takeaway #1: the random filter can
identify treatment effects amid selection

into treatment.



So, which treatment effect are we measuring?

,
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This is not instrumental variables. An instrument plays a funda-
mentally different role in the data generating process.

U

T M YZ

A good instrument (Z) exhibits the following traits:

1. Z affects T (M clearly does not)
2. Z affects Y only through its effect on T (M fails here too)
3. Z is independent of U or any other confounder, thus Z → T

and Z → Y seem identifiable
,
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Takeaway #2: the random filter may be
applicable when an instrumental
variables strategy is unavailable.



We can add some random variation in enrollment to determine the
difference in instrumental variable and random filter behavior.

U

T M YZ
U ∼ Bern(0.5) financial savvy
Z ∼ Bern(0.5) assignment
C ∼ Bern(0.5) complier (latent)
T ∼ (C = 0) · Bern(0.25+ 0.5 · U) + (C = 1) · Z savings account
M ∼ Bern(0.67 · T) usable account
Y ∼ N(500+ 500 · U+ (450− 300 · C)·M,252) yearly savings
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IV only picks up the average treatment effect on compliers (ATC);
RF can measure the average treatment effect on the treated (ATT)!

naïve benchmark complier rf１ rf２ iv１ iv２
Y Y Y M Y T Y

T ３３５.０４ ３００.２９ ９９.４２ ０.６６ １３０.５１ . .
(５.７４) (３.４４) (１.５７) (０.０１) (７.６２)

M . . . . ３０７.６５ . .
(８.１４)

Z . . . . . ５１.２１ ０.５０
(６.６３) (０.０１)

U . ４９９.２０ ５００.８９ . . . .
(２.４５) (１.５６)

T · C . -２００.８４ . . . . .
(４.７１)

cons ６８３.３６ ４９４.４５ ５００.１４ ０.００ ６８３.３６ ８２２.０４ ０.２５
(４.０１) (２.３２) (１.３３) (０.００) (３.７５) (４.６３) (０.０１)

βATT = $200, βATC = $100, β̂RF = $203.05, β̂IV = $102.42.
,
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Takeaway #3: the random filter can
identify an ATE (or ATT)–even in cases
where IV would have identified a LATE.



Random filter background and theory



Judea Pearl, a computer scientist, is credited with the discovery of
this estimation method, which he calls the Front Door Criterion.

The FDC isn’t used in economics because it relies on prior
knowledge of Directed Acyclic Graphs (DAGs) or do-calculus.

It can be explained more thoroughly using econometric theory.

,
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The first empirical example of the random filter asks if [authoriz-
ing] ridesharing on ride-hailing apps changes tipping behavior.

Selection: frugal riders choose the cheaper option and are
already less likely to tip.

Random filter: authorization does not guarantee a shared ride.
Actually sharing is conditionally-exogenous.

Outcome: tipping didn’t decrease in share-authorized rides.

†Bellemare, Bloem, and Wexler (2024). The Paper of How: Estimating
Treatment Effects Using the Front-Door Criterion.

,
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Relative to The Paper of How, my paper derives the assumptions
needed for the random filter to generate an ATE or ATT. Pearl’s
approach to causal modeling cannot address this.

TPOH uses simulation to refine a proposed assumption by Pearl,
but they do not prove its necessity.

A complete explanation requires counterfactual language. I took
a Rubinesque approach.

,
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A few lessons from the
“Random Filter Theorem”



The random filter picks up “the treatment effect for those impacted
by the mediator.” Does this create another LATE?

Not if these assumptions are met:

1. YTMi = YMi (M intercepts T → Y)
2. M1i,M0i ⊥ Ti (M unconfounded with T)
3. Y1i, Y0i ⊥ Mi | Ti (M unconfounded with Y, given T)
4. 0 < P(MTi = 1) < 1 (common support, ATE)

Two definitions round out the primitives:

• Mi = M0i + (M1i −M0i) · Ti
• Yi = Y0i + (Y1i − Y0i) ·Mi (given (1) above)

,
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Assumption 1: “only through.”

If we know the value of M, then T provides no additional
information about which potential outcome of Y is observed:

YTMi = YMi

Implication: if true, we measure the full effect of T on Y.

T changes the “lottery” that determines M, and only the result of
this lottery drives the value of Y:

Mi = M0i + (M1i −M0i) · Ti
Yi = Y0i + (Y1i − Y0i) ·Mi

,
Toy Example The Random FilterTM β̂RF =⇒ another LATE? Chivo Wallet Discussion 18/37



Assumptions 2/3: “exogeneity.”

M is as good as randomly assigned w.r.t. T, Y:

M1i,M0i ⊥ Ti
Y1i, Y0i ⊥ Mi | Ti

This allows for statements like these:

a) E[Mi | Ti = 1]− E[Mi | Ti = 0] = E[M1i −M0i]

b) E[Yi | Mi = 1, Ti = 1]− E[Yi | Mi = 0, Ti = 1] = E[Y1i − Y0i | Ti = 1]

Implication: unbiased identification of T → M and M → Y.

,
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Assumption 4: “common support.”

M must vary for treated and untreated to identify an ATE:

0 < P(MTi = 1) < 1

Implication: (e.g.) if M0i = 0 always, then M → Y is only
estimable for the treated (ATT).

Pearl thought this simpler data condition would suffice:

P(Mi = m | Ti = t) > 0, ∀t,m.

(But we still have to make an assumption about the population to
know if what we measured is what we wanted.)

,
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The Random Filter Theorem is the core contribution of my paper.

Random Filter Theorem Provided (1)-(4) hold, then the random
filter estimand,

βRF = {E[Mi | Ti = 1]− E[Mi | Ti = 0]}
· E [E[Yi | Mi = 1, Ti = T]− E[Yi | Mi = 0, Ti = T]] ,

is equivalent to the ATE, E
[
Y1i − Y0i

]
.

(There’s a corollary for the ATT, E
[
Y1i − Y0i | Ti = 1

]
.)

,
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Why doesn’t the random filter reduce the external validity of the
estimate in the same way that IV does?

The first stage of the RF uses information from the full sample:

E[Mi | Ti = 1]− E[Mi | Ti = 0] = P(M1i > M0i)− P(M1i < M0i).

T must impact M in order to affect Y. Those whose M isn’t driven
by T pull this first stage towards zero. In IV, those unaffected by Z
receive zero weighting, which forces the LATE.

The second stage is just a weighted average of the mediator
effects for treated and untreated, so no one is left out here either:

E [E[Yi | Mi = 1, Ti = T]− E[Yi | Mi = 0, Ti = T]] .

,
Toy Example The Random FilterTM β̂RF =⇒ another LATE? Chivo Wallet Discussion 22/37



“Intuitive” non-LATE: While instrumental
variables selects some exogenous

variation in treatment, the random filter
removes only the endogenous variation.



Application: Chivo Wallet



Chivo, the great banking innovation.

†Armin Kübelbeck, Goat, located in Fiesch, Valais (2013)
,
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The beginnings of a banking app



Nayib Bukele, the millennial dictator, is known for suspending
constitutional rights, forcibly removing uncooperative politicians
and judges, and cryptocurrency evangelism.

He needed to find a way to pay for large foreign debts, but with
zero credit, he could only pander to wealthy crypto investors.
†Marvin Recinos, Nayib Bukele at a surfing competition (2021)

,
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Bukele’s crypto scheme had nothing to do with financial inclusion,
but it had the potential to benefit El Salvadorans.

Chivo Wallet is a state-run bank that touts zero fees on deposits
and withdrawals, remittances, purchases, and peer-to-peer
transfers. It was created to promote cryptocurrency adoption.

This was deployed in a country where 70% of the population was
unbanked, but 65% had a cell phone ready to link to an account.

,
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President Bukele incentivized take-up of Chivo with $30 of BTC,
approximately three days of wages for an El Salvadoran. 53% of
the adult population downloaded the app in three months.

†Press Secretariat of the Republic of El Salvador, Nayib Bukele announcing a
$30 airdrop of BTC to those who sign up for Chivo (2021)

,
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Access to the Chivo network is extended to users without a cell
phone, too. Hundreds of ATMs now exist all over the country and
were initially attended by agents to help users with transactions.

†Marvin Recinos, A man wearing a Nayib Bukele facemask next to a bitcoin
ATM (2021)

,
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There is at least one Chivo ATM within 20 miles of everyone in
the country (although distance ̸= travel time in El Salvador).

†Coin ATM Radar, Chivo ATM locations (2023)
,
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The Chivo app had a great design team, but an impossible release
date. The interface and backend glitched constantly; many users
could not sign up, make purchases, or transfer money to others.

†Chivo, Chivo App Screenshots (2021)
,
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This dumpster fire of a rollout led to 80% of users and businesses
abandoning the app (and related infrastructure). Almost no new
downloads of the app have occurred since the initial release.

†Ivan Manzano, Bitcoin ATM kiosk on fire (2021)
,
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This setting created an interesting opportunity to use the random
filter to measure the effect of Chivo on financial well-being.

Max Edelstein—my student at Colgate University—and I set up a
survey with the help of CIDGallup, a prominent enumeration
company in Latin America:

• 700 individuals surveyed
• demographic information
• degree of financial inclusion
• changes in financial well-being
• involvement with Chivo

Max also collected some qualitative data through interviews with
the directors of several organizations providing financial services
to disadvantaged communities in El Salvador.

,
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The data collected supported the
hypothesis that any naïve comparison

would be due to selection bias.



Selection bias would distort any comparison of well-being. (1/3)

Variable
no savings

money in bank

money in house

unbanked

bank account

bank trips/month

Observations

Downloaded Chivo
T = 0 T = 1 Difference
０.３４７ ０.３２１ -０.０２６
(０.４７７) (０.４６７) (０.０４１)
０.３１８ ０.３９２ ０.０７５*
(０.４６７) (０.４８９) (０.０４３)
０.３２４ ０.２４５ -０.０７８**
(０.４６９) (０.４３１) (０.０３９)
０.５１２ ０.３８９ -０.１２３***
(０.５０１) (０.４８８) (０.０４３)
０.４２４ ０.５１１ ０.０８８**
(０.４９６) (０.５００) (０.０４４)
１.２４４ １.９４９ ０.７０５***
(１.７２８) (２.１４４) (０.１８１)
１７０ ５３０ ７００
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Selection bias would distort any comparison of well-being. (2/3)

Variable
bank travel time

credit card

remittance change

cash vs digital

only uses cash

dollars vs bitcoin

Observations

Downloaded Chivo
T = 0 T = 1 Difference
４３.５５６ ３６.９５４ -６.６０２
(３９.３４３) (４２.６１１) (４.２２３)
０.１１２ ０.１４５ ０.０３４
(０.３１６) (０.３５３) (０.０３０)
２.４３５ ２.５２７ ０.０９２
(０.８６６) (１.１０７) (０.１４２)
１.８５４ ２.５１７ ０.６６３***
(１.２３５) (１.４７６) (０.１３２)
０.６０９ ０.４０４ -０.２０５***
(０.４９０) (０.４９１) (０.０４６)
１.０６６ １.３９１ ０.３２５***
(０.２７５) (０.７６９) (０.０６４)
１７０ ５３０ ７００
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Selection bias would distort any comparison of well-being. (3/3)

Variable
female

１８ ≤ age ≤ ３９

４０ ≤ age ≤ ６２

age ≥ ６３

primary school

high school

college

Observations

Downloaded Chivo
T = 0 T = 1 Difference
０.５２４ ０.３６８ -０.１５６***

(０.５０１) (０.４８３) (０.０４３)
０.３８２ ０.５６４ ０.１８２***
(０.４８７) (０.４９６) (０.０４４)
０.４８２ ０.３５５ -０.１２８***
(０.５０１) (０.４７９) (０.０４３)
０.１３５ ０.０８１ -０.０５４**
(０.３４３) (０.２７３) (０.０２６)
０.４４７ ０.３２５ -０.１２３***
(０.４９９) (０.４６９) (０.０４２)
０.２４１ ０.３６０ ０.１１９***
(０.４２９) (０.４８１) (０.０４１)
０.３１２ ０.３１５ ０.００３
(０.４６５) (０.４６５) (０.０４１)
１７０ ５３０ ７００
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Those divided by Chivo app usability looked more similar. (1/3)

Variable
no savings

money in bank

money in house

unbanked

bank account

bank trips/month

Observations

Experienced no Chivo issue
M = 0 M = 1 Difference
０.３０１ ０.３３０ ０.０２９
(０.４６０) (０.４７１) (０.０４４)
０.３８０ ０.３９８ ０.０１７
(０.４８７) (０.４９０) (０.０４６)
０.２７６ ０.２３２ -０.０４４
(０.４４８) (０.４２２) (０.０４１)
０.４２９ ０.３７１ -０.０５９
(０.４９７) (０.４８４) (０.０４６)
０.４４２ ０.５４２ ０.１０１**
(０.４９８) (０.４９９) (０.０４７)
１.９０８ １.９６７ ０.０５９
(２.３９０) (２.０２９) (０.２０２)
１６３ ３６７ ５３０

,
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Those divided by Chivo app usability looked more similar. (2/3)

Variable
bank travel time

credit card

remittance change

cash vs digital

only uses cash

dollars vs bitcoin

Observations

Experienced no Chivo issue
M = 0 M = 1 Difference
３９.４４３ ３５.９４１ -３.５０２
(４８.６８１) (３９.９１７) (４.４１８)
０.１７２ ０.１３４ -０.０３８
(０.３７８) (０.３４１) (０.０３３)
２.５０６ ２.５３５ ０.０２９
(１.１９３) (１.０７５) (０.１４３)
２.４２６ ２.５５７ ０.１３１
(１.４１９) (１.５０１) (０.１４２)
０.４１９ ０.３９７ -０.０２２
(０.４９５) (０.４９０) (０.０４７)
１.２８３ １.４３８ ０.１５５**
(０.６６５) (０.８０６) (０.０７４)
１６３ ３６７ ５３０
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Those divided by Chivo app usability looked more similar. (3/3)

Variable
female

１８ ≤ age ≤ ３９

４０ ≤ age ≤ ６２

age ≥ ６３

primary school

high school

college

Observations

Experienced no Chivo issue
M = 0 M = 1 Difference
０.４２３ ０.３４３ -０.０８０*

(０.４９６) (０.４７５) (０.０４５)
０.５２８ ０.５８０ ０.０５３
(０.５０１) (０.４９４) (０.０４７)
０.３３７ ０.３６２ ０.０２５
(０.４７４) (０.４８１) (０.０４５)
０.１３５ ０.０５７ -０.０７８***
(０.３４３) (０.２３３) (０.０２６)
０.２８８ ０.３４１ ０.０５２
(０.４５４) (０.４７５) (０.０４４)
０.３８７ ０.３４９ -０.０３８
(０.４８８) (０.４７７) (０.０４５)
０.３２５ ０.３１１ -０.０１５
(０.４７０) (０.４６３) (０.０４４)
１６３ ３６７ ５３０
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So, what did the random filter have to say
about the effect of Chivo Wallet?



Downloading a broken app had no effect on financial well-being.

OLS SUR Random Filter
finance score functional Chivo finance score finance score

intercept ３.０７３*** ０.０００ ３.０７３*** .
(０.０８９) (０.０３１) (０.０８８)

download Chivo ０.３０１*** ０.６９１*** ０.３１６*** -０.０１５
(０.１０２) (０.０３６) (０.１２６) (０.０７５)

functional Chivo . . -０.０２２ .
(０.１０７)

Observations ６９０ ６９０ ５３０

A naïve OLS regression of a Likert-scale welfare measure on
downloading Chivo reveals a positive impact. The random filter
estimation suggests this initial correlation is driven by selection,
since the functional app has no effect.
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[Mini] discussion



Where does the random filter fit in our empirical toolkit?

1. The RF identifies treatment effects amid selection into
treatment without explicit data on the drivers of selection.

2. The RF may be useful when IV (or RD, DiD, etc.) is
unavailable. We will learn to spot good mediators.

3. The RF can identify an ATE or ATT–even in cases where IV
would have identified a LATE. (Random Filter Theorem)
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When we hope for M = T–but things don’t go as planned–the
random filter may facilitate effect identification.

The random filter highlights not only the resulting effect M → Y,
but the effectiveness of the intended intervention, T → Y.

In the Chivo example, we verified that an imperfect intervention
had no effect because the program itself was poorly-conceived.
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Thank you! pierce.donovan@unr.edu

†Marvin Recinos, Nayib Bukele at a surfing competition (2021)
,
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