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Note on equation numbering. Throughout this online appendix, equations with alphabetic prefixes,

such as (A1), refer to appendix equations. Equation references without alphabetic prefixes refer to

equations in the main text unless stated otherwise.

A Data

Section A.1 provides additional information on the Canadian Financial Monitor survey. Section

A.2 shows the frequency of household branch visits and the types of services used. Section A.3

explains how we identify the main financial institution for a product when a household has multiple

banks for that product. Section A.5 shows the distribution of households’ liquid wealth, defined

as the sum of cash and demand deposits. Section A.6 shows the summary statistics of the key

variables and plots the bank-level interest rates.

A.1 Background on the Canadian Financial Monitor Survey

The Canadian Financial Monitor (CFM) is a syndicated household finance survey conducted by

Ipsos, a large international market research firm. It has been running since January 1999, and our

paper uses the paper-based household questionnaire over 2010–2017 because the survey questions

on cash are consistent throughout this period. The paper-based household survey was discontinued

at the end of 2018 and replaced by an online individual survey.

Sample size and recruitment. The annual target during our sample period is approximately

12,000 households. Respondents are drawn from pre-recruited Ipsos panels maintained to meet

demographic and geographic targets. Initial contact is via a self-administered recruitment ques-

tionnaire that describes the importance of panel membership, explains the tasks involved, collects

demographics, and solicits participation. The panels are demographically updated every 2 years

and key information such as age, contact information, household composition is updated more

frequently. Potential recruits are also screened for duplicate contact information and valid demo-

graphic information before being added to the panel.

Incentives for participation. Several mechanisms encourage participation. First, panelists

receive financial incentives to respond to the surveys. For example, CFM panelists are offered a

prize draw for their participation. Generally the prize offerings include a choice of travel voucher

or a large ticket items such as a large screen television, or other similar type prizes. The prizes

in the drawing are changed each year to help entice panelists to continue to participate in the

project. Second, Ipsos also provides help desk support by phone or mail, which can help respondents

complete the survey. Third, reminder calls and emails are used to boost response.

Accuracy of responses. The CFM responses are self-reported and may contain reporting errors.

Several features of the data collection process help mitigate this concern. Ipsos applies internal logic
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checks at data entry. Questionnaires are flagged when responses are internally inconsistent, such as

reporting a mortgage without home ownership, or when reported balances exceed the highest-level

threshold being given. Flagged questionnaires are manually reviewed by data editors, who make a

judgement call about whether the responses are logical. According to Ipsos, more than 90 percent

of returned questionnaires are retained after this process.

We nevertheless do not claim that the CFM is equivalent to administrative account-level data.

Our portfolio allocation estimates use self-reported cash and deposit balances, so measurement

error in these balances is a limitation. However, the bank choice variables are likely to be more

salient and less prone to reporting errors than balance variables. Much of our estimation relies on

these bank choices for different financial products.

A.2 Branch Usage Habits

Figure A1 shows that from the CFM data during 2010–2017, around 60% of the households re-

ported that they visited their branches at least once in the past month. Households use branches,

automated banking machines (ABMs), and online banking more often than other channels. From

2010 to 2017, the branch usage frequency has declined slightly, but it remained high in 2017.

Figure A1: Usage of Branches vs Other Channels over Time

0

.2

.4

.6

.8

Fr
ac

tio
n 

of
 H

ou
se

ho
ld

s

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17

Branch Phone (live agent) Phone (automated attendant)
ABM Online Mobile banking

Data sources: CFM 2010–2017
Note: The y-axis refers to the fraction of households that used a given channel for banking services at least once
in the past month. The x-axis shows the year in which the respondents reported the usage. Each line refers to a
different method/channel used to obtain the banking services. The channels include branches (e.g., teller), phone
(live agent), phone (automated attendant), ABM (automatic banking machine), online, or mobile banking.

Figure A2 shows different types of services that households use each channel for. For transaction-

related services, it can be seen that in 2017, around 30% of respondents still go to branches for cash

withdrawals. For other service categories such as customer service/support, branch visit dominates
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the other channels. These patterns are very similar in 2017 and 2010, with only a slight decline in

branch usage over time.

Figure A2: Usage of Branches vs Other Channels for Different Banking Services

(a) Transaction-related services in 2017
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(b) Transaction-related services in 2010
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(d) Other service categories in 2010

0

.02

.04

.06

.08

.1

Mad
e a

n i
nv

es
tm

en
t

App
lie

d f
or 

a n
ew

 pr
od

uc
t

Com
pla

ine
d a

bo
ut 

so
meth

ing

Cus
tom

er 
se

rvi
ce

/su
pp

ort

Branch Phone (live agent) Phone (automated attendant)
ABM Online Mobile banking

Data sources: CFM 2010–2017
Note: This figure shows the fractions of households that need to use branches versus other channels (i.e., phone
calls, ABM, online banking, mobile banking) for each service category in year 2010 and year 2017. The x-axis shows
the service categories, ranging from cash withdrawal to customer service/support. The y-axis shows the fraction of
households that used a given channel at least once in the past month in order to obtain the specific service indicated
by the x-axis.

A.3 Main Financial Institution

This section shows the fraction of households with a single bank for each product, i.e., demand

deposits, mortgage loans, credit cards, and guaranteed investment certificates (GICs). It also shows

how we identify the main financial institution for a given product when a household has multiple

banks for that product.

Table A1 shows that 73% of households go to a single bank for demand deposits. This fraction

is 98% for mortgage loans, 42% for credit cards, and 78% for GICs. These numbers are even higher

by looking at different household members (i.e., female household head, male household head, joint

ownership) separately. For example, more than 85% of female household heads go to a single bank

for their demand deposits, and the number is similar for male household heads.
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Table A1: Number of Banks that Households Choose for Different Products

Number of Banks

1 2 3 more than 3

Demand Deposits 0.73 0.23 0.04 0.00

Mortgage 0.98 0.02 0.00 0.00

Credit Card 0.42 0.31 0.17 0.11

Guaranteed Investment Certificates 0.78 0.16 0.03 0.02

Data sources: CFM 2010–2017
Note: This table shows how many financial institutions that households
go to for each product, i.e., demand deposits, mortgage loans, credit
cards, and guaranteed investment certificates. Each column shows the
fraction of households that go to 1, 2, 3, or more than 3 banks for a given
product.

In our model and estimation, we assume each household only chooses one bank for each product.

Therefore, if a household has multiple banks for a given product, we assume one of these banks

is their main financial institution and is their chosen bank. More specifically, if a household has

multiple banks for demand deposits, we assume their main financial institution is the one where they

deposit the largest balance. Similarly, for households choosing multiple banks for the other financial

products, we assume their main financial institutions for the mortgage loans, credit cards, and GICs

are the ones with the largest remaining mortgage payment, the largest current outstanding balance,

and the highest balance, respectively.

A.4 Cannex Bank-level Interest Rates

Figure A3 plots the bank-level demand deposit rates and five-year closed mortgage rates from 2010

to 2017.

A.5 Distribution of Household Liquid Assets

Figure A4 shows the distribution of households’ liquid assets which are defined as the sum of cash

and demand deposit holdings.

A.6 Summary Statistics

Table A2 summarizes the number of bank branches and the number of distinct banks within

each household’s choice set, separately for urban and rural households across Canadian provinces.

Table A3 reports summary statistics for the main variables used in the estimation.
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Figure A3: Bank Interest Rates During 2010–2017

(a) Demand deposit rates (%)
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(b) Five-year closed mortgage rates (%)
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Data sources: CANNEX 2010–2017
Note: This figure shows the bank-level demand deposit rates and the five-year closed mortgage rates in percentage
points during 2010 and 2017. The latter are used to measure the exogenous bank-specific returns on loans.

Figure A4: Distribution of Household Liquid Assets

(a) Empirical CDF
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Data sources: CFM 2017
Note: This figure shows the distribution of households’ liquid assets, defined as the sum of cash and demand deposit
holdings. Panel (a) shows the empirical cumulative distribution function for 2017 from the CFM. For a given level
of assets on the x-axis, the corresponding level on the y-axis refers to the percentage of households holding less than
that amount. Panel (b) shows the percentage of total liquid assets held by each decile. For example, the height of
the 10th bar shows that households from the 90th to 100th percentile hold 51% of total liquid assets.
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Table A2: Number of Branches and Banks in the Choice Sets of Urban and Rural Households

(a) Number of Branches

Urban 15 km Rural 50 km

Min Median Max Mean Obs Min Median Max Mean Obs

Alberta 3 260 297 212 1077 3 92 361 143 183

British Columbia 4 280 592 310 1528 1 48 717 181 157

Manitoba 3 128 132 112 430 1 33 152 60 127

New Brunswick 1 23 46 23 261 . . . . 0

Newfoundland 3 46 47 33 129 1 12 55 21 75

Nova Scotia 4 78 83 51 324 7 70 140 73 152

Ontario 3 350 1286 586 3872 1 322 1738 538 697

Prince Edward Island 10 19 23 17 38 8 46 69 49 27

Quebec 3 895 979 589 2236 5 328 1230 540 422

Saskatchewan 5 39 55 37 292 1 15 64 22 129

(b) Number of Banks

Urban 15 km Rural 50 km

Min Median Max Mean Obs Min Median Max Mean Obs

Alberta 2 10 11 9 1077 1 6 11 6 183

British Columbia 1 11 14 10 1528 1 6 14 6 157

Manitoba 3 10 11 9 430 1 4 11 4 127

New Brunswick 1 7 8 5 261 . . . . 0

Newfoundland 2 7 7 5 129 1 3 7 3 75

Nova Scotia 1 6 7 5 324 1 5 7 4 152

Ontario 2 8 12 8 3872 1 8 12 7 697

Prince Edward Island 5 6 6 5 38 2 6 7 5 27

Quebec 1 9 12 8 2236 1 8 12 7 422

Saskatchewan 4 8 10 8 292 1 3 10 3 129

Data sources: CFM 2017, FCAC 2017
Note: The upper (lower) panel shows the summary statistics for the number of branches (banks) that are
within 15 km of urban households’ locations and 50 km of rural households’ locations in each province.
“Rural area” is defined as the second digit of the Canadian postal code being zero. Online banks are ex-
cluded in this table.
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Table A3: Summary Statistics of Selected Variables

Variable Obs Mean sd Min p25 p50 p75 Max

ln(deposit/cash) 66834 2.91 1.91 -4.76 1.67 2.97 4.16 12.43

Deposit rate (before tax) 66834 0.09 0.07 0.01 0.05 0.09 0.13 0.49

Deposit rate (after tax) 65162 0.06 0.05 0.00 0.03 0.06 0.08 0.34

Distance to the nearest branch 66834 5.17 8.08 0.01 0.92 1.81 5.24 50.00

Number of local branches 66834 21.96 32.39 0.00 2.00 9.00 28.00 296.00

Household head age 66834 55.07 15.48 18.00 44.00 57.00 66.00 106.00

Household income 65162 7.75 3.18 1.00 6.00 9.00 10.00 12.00

Household size 66834 2.15 1.14 1.00 1.00 2.00 3.00 8.00

Household head education 66413 3.67 1.35 1.00 2.00 4.00 5.00 6.00

Dislike investing in stock market 65950 6.04 2.95 1.00 4.00 6.00 9.00 10.00

Have difficulty in paying off debt 65835 3.39 2.88 1.00 1.00 2.00 5.00 10.00

Behind debt obligations in the past year 65078 0.06 0.23 . . . . .

Rent a home 65251 0.26 0.44 . . . . .

Household has a female head 66833 0.87 0.33 . . . . .

Live in rural area 66834 0.18 0.38 . . . . .

Big 5 indicator 66834 0.67 0.47 . . . . .

Small bank indicator 66834 0.05 0.21 . . . . .

Online bank indicator 66834 0.07 0.26 . . . . .

Desjardins credit union indicator 66834 0.09 0.28 . . . . .

Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC 2010–2017, Government of Canada website
Note: This table shows the summary statistics of the selected variables that are used in the estimation.
The column “Obs” refers to the number of household-year observations in the estimation sample for the
portfolio allocation choice.
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B Identification and Estimation Details

The demand side of the model has four sets of unknown parameters: parameters in the value from

the liquid asset portfolio, (αb,βb,γb,ηb, ζb, σ); parameters in the bank choice for a financial product

k ∈ K, (κk,βk,ηk); the probabilities of needing each financial product k, ωk; and the weights on

different components in the utility for the deposit bank (θ, ϕ,βf ,ηf ). Here, ηb =
{
ηbj

}
j∈J

,ηk ={
ηkj

}
j∈J k

,ηf =
{
ηfj

}
j∈J

are the vectors of fixed effects for all banks in the portfolio allocation

decision, the bank choice for financial product k, and the bank choice for the deposit account,

respectively. The supply side has one set of unknown parameters, i.e., each bank’s marginal cost,

mcj .

Suppose we observe an independent sample of households. For each household i ∈ I, we observe
a vector

(
Ji, j

∗
i , c

∗
i , d

∗
i , τi,

{
J k
i

}
k∈K ,

{
n∗
i,k

}
k∈K

, {Xi,j}j∈J ,Zi

)
, where c∗i and d∗i are household i’s

cash and deposit holdings at its chosen deposit bank j∗i , and n∗
i,k is its chosen bank for financial

product k. For each bank j, we observe (rj , r
l
j), which implies that we observe the after-tax deposit

rate ri,j = (1− τi)rj for all i and j. This section studies how to identify and estimate the unknown

parameters of the model with the above information. We focus our discussion on the demand

side of the model. Once we obtain the demand-side parameters, we can identify Dj(rj , r−j) and

use banks’ first-order conditions (13) in the main text to identify the marginal cost, mcj . If rlj
is not observed, then (13) identifies the net return on assets, rlj −mcj , which is sufficient for our

counterfactual analysis.

Identification of the demand-side parameters involves three steps. First, we use households’

portfolio allocations to identify the preference parameters in the value from liquid asset portfolios.

Second, we use households’ bank choices for financial products to identify the preference parameter

for complementarity and other preference parameters in the value from financial products. Lastly,

we combine these two sets of parameters with households’ deposit bank choices to identify the

preference parameters in the deposit bank choice. We discuss each step in turn below.

B.1 Parameters in the Value from Liquid Asset Portfolios

Use optimal deposit balance (7) and the budget constraint to obtain

ln
d∗i
c∗i

=
σ

1− σ

(
αbri,j∗i +Xi,j∗i

βb +Ziγ
b + ηbj∗i + ζb + εbi

)
, (B1)

where d∗i and c∗i denote the observed deposit and cash holdings at the chosen bank j∗i , respectively.

This is a linear regression model, so the coefficients and residuals are in general identifiable if ex-

planatory variables have sufficient variation (i.e., the design matrix is invertible) under the baseline

timing assumption. As can be seen from (B1), we cannot separately identify σ and the other param-

eters because they enter into the linear regression model in a multiplicative fashion. If we increase

σ/(1−σ) and decrease all the other parameters by the same factor, the predicted portfolio will stay

unchanged. Therefore, we can only identify ν̃ = σν/(1 − σ) for every ν ∈ {αb,βb,γb,ηb, ζb, εbi}.
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Nevertheless, as will be shown later in this section, this is sufficient for most of our counterfactual

analyses. Only the counterfactual analysis on CBDC holding limits depends on the value of σ. For

these counterfactuals, we show that our results are robust to a wide range of σ values.

The deposit rate ri,j∗i is household- and bank-specific because we multiply the posted deposit

rate by one minus the household’s marginal income tax rate; interest earned on savings is taxed

at the same marginal rate as income. A remaining concern is that deposit rates may be correlated

with unobserved demand shocks. Following Egan, Hortaçsu and Matvos (2017), we instrument for

deposit rates using bank-specific pass-through of policy rate changes, implemented as interactions

between policy rates and bank indicators.

Constructing Expected Value from Liquid Asset Portfolios EV b
i,j. We use the estimated

parameters from (B1) to calculate the expected value EV b
i,j from liquid asset portfolios. This

variable enters in the deposit bank choice estimation. According to (6),

EV b
i,j =

1− σ

σ
E
{
ln

[
1 +

(
ubi,j

) σ
1−σ

]}
+ lnwi. (B2)

Note that the household wealth lnwi does not vary across banks and thus would not affect the

deposit bank choice. The term 1−σ
σ will be estimated together with the parameter θ shown in (2).

Therefore, we only need to calculate EṼ b
i,j below for the deposit bank choice estimation:

EṼ b
i,j = E

{
ln[1 + (ubi,j)

σ
(1−σ) ]

}
, (B3)

which has the cross-bank variation through ubi,j . Using (4), (ubi,j)
σ

(1−σ) can be written as:

(ubi,j)
σ

(1−σ) = exp

(
σ

1− σ
(αbri,j +Xi,jβ

b +Ziγ
b + ηbj + ζb + εbi)

)
. (B4)

The expectation in (B3) is taken over the idiosyncratic taste for holding deposits εbi , which is

unknown when the household chooses its deposit bank. With the estimates of ν̃ = σν
1−σ , for every

ν ∈ {αb,βb,γb,ηb, ζb}, we can calculate the fitted component m̂i,j,t for every bank j that is present

in a household’s choice set. In the implementation, we then integrate over the empirical distribution

of the scaled residuals ε̃bi = σεbi/(1 − σ). Let ̂̃εbℓ,t denote the residual for chosen deposit-bank

observation ℓ in year t, and let Nt be the number of such observations. We calculate

ÊṼ
b

i,j,t =
1

Nt

Nt∑
ℓ=1

ln
[
1 + exp

(
m̂i,j,t + ̂̃εbℓ,t)] . (B5)

This is the expected value from liquidity holding that is used in the deposit bank choice estimation.
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B.2 Parameters in the Value from Financial Products

If a household needs a financial product k (i.e., mortgage loan, credit card, guaranteed investment

certificate), it selects a bank n from its choice set to maximize its utility, taking its deposit bank

as given, i.e., it solves maxn∈J k
i
Uk
i,n(j

∗
i ). Since the idiosyncratic taste εki,n is i.i.d. and follows the

Type-I extreme value distribution, the household’s probability of choosing a bank n ∈ J k
i is

P(n∗
i,k = n) =

exp
(
κk1(n = j∗i ) +Xi,nβ

k + ηkn
)∑

m∈J k
i
exp

(
κk1(m = j∗i ) +Xi,mβk + ηkm

) . (B6)

We identify the parameters (κk,βk,ηk) by matching the conditional choice probabilities for each

product k predicted by (B6) with those implied by the data.

The parameter κk captures household preference for complementarity, the utility that the house-

hold gains from obtaining the financial product k from its deposit bank j∗i . Identifying κk requires

observing both the deposit bank and the bank chosen for product k for each household. Intuitively,

if everything else being equal, households are more (less) likely to choose their deposit bank for

product k, then we can infer that κk is positive (negative). The magnitude of κk reflects the extent

to which households use the same bank for deposits and other financial products.

Since we observe the individual household’s bank choices for deposits and for each product k, we

can apply maximum likelihood estimation (MLE) to (B6) to estimate (κk,βk,ηk). The estimator

is defined as

(κ̂k, β̂
k
, η̂k) = arg max

κ,β,η

∑
i∈I

ln
exp

(
κ1(n∗

i,k = j∗i ) +Xi,n∗
i,k
β + ηn∗

i,k

)
∑

m∈J k
i
exp (κ1(m = j∗i ) +Xi,mβ + ηm)

.

Constructing Expected Value from Financial Products EV k
i,j. We use the parameters

estimated from (B6) to calculate the expected value EV k
i,j , which will enter the deposit bank choice

estimation. According to (10),

EV k
i,j = ln

 ∑
n∈J k

i

exp
(
κk1(n = j) +Xi,nβ

k + ηkn

)+ C. (B7)

Note that the constant C can be neglected because it does not have the cross-bank variation and will

not affect the deposit bank choice. With the estimated parameters (κk,βk,ηk), we can calculate

EV k
i,j for every bank that is present in a household’s choice set.

To illustrate the construction, Table B4 considers one fictitious household i and, for simplicity,

assumes that the household’s deposit-bank choice set and product-bank choice set both contain the

same three banks. The index j denotes the candidate deposit bank, while n denotes the bank from

which the household may later obtain product k. For each candidate deposit bank j, EV k
i,j must

consider all product-bank choices n because choosing j for deposits does not commit the household

to obtain product k from the same bank. If the household later needs product k, it can choose any
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bank in J k
i , while receiving the complementarity benefit only when the future product bank is the

same as the candidate deposit bank, n = j.

For example, when the candidate deposit bank is bank 1, (B7) becomes

EV k
i,1 = ln

(
exp

(
κk +Xi,1β

k + ηk1

)
+ exp

(
Xi,2β

k + ηk2

)
+ exp

(
Xi,3β

k + ηk3

))
. (B8)

If the candidate deposit bank is bank 2 or bank 3, the same complementarity term κk moves to the

utility from obtaining product k from bank 2 or bank 3, respectively. Thus, changing the candidate

deposit bank changes which product-bank option receives the same-bank complementarity term.

Table B4: Illustration of the Expected Value from Financial Products

Candidate deposit bank j Product-bank option receiving κk Constructed expected value

1 n = 1 EV k
i,1

2 n = 2 EV k
i,2

3 n = 3 EV k
i,3

Note: The table considers one fictitious household i with three candidate deposit banks in its choice set. For
each candidate deposit bank j, the expected value EV k

i,j is computed by taking the log sum over all possible
product-bank choices n. The complementarity term κk enters only the option in which n = j.

B.3 Parameters in Deposit Bank Choice

The preceding two subsections construct the expected values that enter deposit bank choice: EṼ b
i,j

from liquid asset portfolios and EV k
i,j from financial products. We calibrate ωk using the fraction of

households that hold product k. Since σ cannot be separately identified from θ in (2), we estimate

the combined parameter θ̃ = (1− σ)θ/σ. The deposit bank choice probability can then be written

as

P(j∗i = j|rj , r−j) =
exp

(
θ̃EṼ b

i,j + ϕ
∑

k∈K ωkEV k
i,j +Xi,jβ

f + ηfj

)
∑

m∈Ji
exp

(
θ̃EṼ b

i,m + ϕ
∑

k∈K ωkEV k
i,m +Xi,mβf + ηfm

) . (B9)

The parameters (θ̃, ϕ,βf ,ηf ) are identified by matching the conditional choice probabilities of

deposit banks predicted by (B9) with those implied by data.

For identification, all independent variables need to have sufficient cross-bank variation, as

household choices depend on the relative differences in attributes across banks. The parameters

θ̃ and ϕ are identifiable because both EṼ b
i,j and EV k

i,j are functions of bank characteristics. In

particular, EṼ b
i,j varies across banks largely due to the differences in deposit rates, which enter

through ubi,j . The expected value EV k
i,j depends not only on the complementarity parameter κk,

but also on the branch network and bank fixed effects.

With household-level data on residence locations and branch locations, the branch network

measures vary not only across banks but also across households. Even with bank fixed effects, βf

is therefore identified from within-bank variation across households: households living in different

locations face different distances to each bank’s nearest branch and different numbers of nearby

11



branches. The constructed terms EṼ b
i,j and EV k

i,j also depend on branch network measures and

fixed effects estimated in earlier stages, but they are nonlinear functions of those objects and are

not perfectly collinear with the branch network variables or the deposit bank fixed effects in the

deposit-bank choice equation. Hence, they do not mechanically absorb all the variation used to

identify βf and ηfj .

We estimate EṼ b
i,j and EV k

i,j using the estimates from the first two steps. Let ÊṼ b
i,j and ÊV k

i,j

denote the resulting estimators. We can then apply MLE to (B9) to estimate (θ̃, ϕ,βf ,ηf ) and the

estimator is defined as

(
ˆ̃
θ, ϕ̂, β̂

f
, η̂f ) = arg max

θ,ϕ,β,η

∑
i∈I

ln

exp

(
θÊṼ b

i,j∗i
+ ϕ

∑
k∈K ωkÊV k

i,j∗i
+Xi,j∗i

β + ηj∗i

)
∑

m∈Ji
exp

(
θÊṼ b

i,m + ϕ
∑

k∈K ωkÊV k
i,m +Xi,mβ + ηm

) .

B.4 Estimation Results

This section reports the full estimation results for both the households’ demand side and the banks’

supply side.

B.4.1 Households’ Demand Side

We report the estimated demand-side parameters from the three estimation stages shown above.

Parameters in the Value from Liquid Asset Portfolios. Table B5 reports the full set of

coefficients from the baseline IV regression summarized in Table 1 in the main text. Table B6

compares this baseline IV specification that includes grouped bank fixed effects with an otherwise

similar IV specification that includes individual bank fixed effects. The latter absorbs much of the

identifying variation, leaving the excluded instruments with limited explanatory power for deposit

rates and a weak first stage, as reflected in the effective F -statistic. We therefore use grouped

bank fixed effects in the baseline IV specification to absorb the main persistent differences across

institution types while preserving enough variation in deposit rate pass-through to obtain a relevant

first stage.

Parameters in the Value from Financial Products. Table B7 reports the full set of coef-

ficients from the bank choices of different financial products summarized in Table 2 in the main

text.

Parameters in Deposit Bank Choice. Table B8 reports the full set of coefficients from the

deposit bank choice summarized in Table 4 in the main text.
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Table B5: Estimated Parameters in Portfolio Allocation Choice

Dependent variable: Log of deposit-to-cash ratio coefficients se

Post-tax deposit rate 0.714∗∗∗ (0.269)
ln(Distance to branch) 0.004 (0.011)
ln(Distance to branch) × Live in rural area -0.053∗∗∗ (0.016)
ln(Number of branches + 1) 0.024∗∗∗ (0.009)
ln(Number of branches + 1) × Live in rural area -0.026 (0.017)
Dislike investing in stock market 0.019∗∗∗ (0.003)
Having difficulty in paying off debt -0.063∗∗∗ (0.003)
Behind debt obligations in the past year -0.280∗∗∗ (0.036)
Household income $15,000 - $19,999 0.183∗∗∗ (0.058)
Household income $20,000 - $24,999 0.289∗∗∗ (0.061)
Household income $25,000 - $29,999 0.339∗∗∗ (0.049)
Household income $30,000 - $34,999 0.473∗∗∗ (0.054)
Household income $35,000 - $44,999 0.458∗∗∗ (0.053)
Household income $45,000 - $54,999 0.476∗∗∗ (0.049)
Household income $55,000 - $59,999 0.512∗∗∗ (0.056)
Household income $60,000 - $69,999 0.514∗∗∗ (0.051)
Household income $70,000 - $99,999 0.580∗∗∗ (0.049)
Household income $100,000 - $149,999 0.635∗∗∗ (0.051)
Household income ⩾ $15,000 0.681∗∗∗ (0.054)
Grade 9-13 0.092∗ (0.055)
Community College 0.142∗∗∗ (0.054)
Diploma 0.230∗∗∗ (0.055)
Undergraduate 0.387∗∗∗ (0.051)
Post-graduate 0.498∗∗∗ (0.059)
Household head age 35–44 -0.225∗∗∗ (0.036)
Household head age 45–54 -0.331∗∗∗ (0.034)
Household head age 55–64 -0.291∗∗∗ (0.031)
Household head age ⩾ 65 -0.079∗∗ (0.035)
Household size = 2 -0.083∗∗∗ (0.018)
Household size = 3 -0.123∗∗∗ (0.029)
Household size ⩾ 4 -0.127∗∗∗ (0.025)
Household has a female head=1 0.295∗∗∗ (0.025)
Rent a home=1 -0.266∗∗∗ (0.021)
Live in rural area=1 0.087 (0.060)
Alberta 0.030 (0.032)
Saskatchewan 0.043 (0.047)
Manitoba 0.006 (0.045)
Ontario -0.054∗∗ (0.025)
Quebec -0.199∗∗∗ (0.024)
New Brunswick -0.156∗∗∗ (0.058)
Prince Edward Island -0.107 (0.137)
Nova Scotia -0.375∗∗∗ (0.043)
Newfoundland -0.332∗∗∗ (0.058)
Year 2011 -0.020 (0.030)
Year 2012 -0.028 (0.034)
Year 2013 0.005 (0.044)
Year 2014 0.021 (0.035)
Year 2015 0.070∗ (0.041)
Year 2016 0.034 (0.042)
Year 2017 0.045 (0.038)
Big 5 bank indicator -0.132∗∗∗ (0.023)
Small bank indicator -0.208∗∗∗ (0.043)
Online bank indicator -0.099∗∗ (0.039)
Desjardins credit union indicator -0.024 (0.036)
Constant 2.453∗∗∗ (0.090)

Observations 62,504
Olea-Pflueger effective F 59.78
Olea-Pflueger 10% critical value 16.96

Standard errors in parentheses are clustered at the bank-year level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website, Statistics Canada
Note: The table reports the full set of estimated coefficients from the baseline IV regression of the log of deposit-to-
cash ratio on the post-tax deposit rate, bank branch network, grouped bank fixed effects, household characteristics,
and year fixed effects. The post-tax deposit rate is instrumented using the bank-specific pass-through of the policy
rate. The “Observations” shows the number of households in the CFM sample from 2010 to 2017.
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Table B6: Portfolio Allocation Choice: Grouped Bank Fixed Effect vs Bank Fixed Effect

Baseline: IV with Grouped Bank FE IV with Bank FE

Variables Coefficient SE Coefficient SE

Post-tax deposit rate 0.714∗∗∗ (0.269) 1.319 (0.828)
ln(Distance to branch) 0.004 (0.011) 0.004 (0.010)
ln(Distance to branch) × Live in rural area -0.053∗∗∗ (0.016) -0.052∗∗∗ (0.016)
ln(Number of branches + 1) 0.024∗∗∗ (0.009) 0.027∗∗∗ (0.008)
ln(Number of branches + 1) × Live in rural area -0.026 (0.017) -0.027 (0.017)
Dislike investing in stock market 0.019∗∗∗ (0.003) 0.019∗∗∗ (0.003)
Having difficulty in paying off debt -0.063∗∗∗ (0.003) -0.063∗∗∗ (0.003)
Behind debt obligations in the past year -0.280∗∗∗ (0.036) -0.284∗∗∗ (0.036)
Household income $15,000 - $19,999 0.183∗∗∗ (0.058) 0.185∗∗∗ (0.058)
Household income $20,000 - $24,999 0.289∗∗∗ (0.061) 0.291∗∗∗ (0.061)
Household income $25,000 - $29,999 0.339∗∗∗ (0.049) 0.340∗∗∗ (0.049)
Household income $30,000 - $34,999 0.473∗∗∗ (0.054) 0.473∗∗∗ (0.054)
Household income $35,000 - $44,999 0.458∗∗∗ (0.053) 0.461∗∗∗ (0.053)
Household income $45,000 - $54,999 0.476∗∗∗ (0.049) 0.485∗∗∗ (0.051)
Household income $55,000 - $59,999 0.512∗∗∗ (0.056) 0.520∗∗∗ (0.057)
Household income $60,000 - $69,999 0.514∗∗∗ (0.051) 0.521∗∗∗ (0.051)
Household income $70,000 - $99,999 0.580∗∗∗ (0.049) 0.589∗∗∗ (0.051)
Household income $100,000 - $149,999 0.635∗∗∗ (0.051) 0.648∗∗∗ (0.053)
Household income ⩾ $15,000 0.681∗∗∗ (0.054) 0.692∗∗∗ (0.057)
Grade 9-13 0.092∗ (0.055) 0.092∗ (0.054)
Community College 0.142∗∗∗ (0.054) 0.142∗∗∗ (0.054)
Diploma 0.230∗∗∗ (0.055) 0.230∗∗∗ (0.055)
Undergraduate 0.387∗∗∗ (0.051) 0.387∗∗∗ (0.051)
Post-graduate 0.498∗∗∗ (0.059) 0.497∗∗∗ (0.059)
Household head age 35–44 -0.225∗∗∗ (0.036) -0.220∗∗∗ (0.036)
Household head age 45–54 -0.331∗∗∗ (0.034) -0.330∗∗∗ (0.034)
Household head age 55–64 -0.291∗∗∗ (0.031) -0.289∗∗∗ (0.031)
Household head age ⩾ 65 -0.079∗∗ (0.035) -0.079∗∗ (0.035)
Household size = 2 -0.083∗∗∗ (0.018) -0.083∗∗∗ (0.018)
Household size = 3 -0.123∗∗∗ (0.029) -0.125∗∗∗ (0.029)
Household size ⩾ 4 -0.127∗∗∗ (0.025) -0.127∗∗∗ (0.025)
Household has a female head=1 0.295∗∗∗ (0.025) 0.297∗∗∗ (0.025)
Rent a home=1 -0.266∗∗∗ (0.021) -0.265∗∗∗ (0.021)
Live in rural area=1 0.087 (0.060) 0.086 (0.059)
Alberta 0.030 (0.032) -0.001 (0.033)
Saskatchewan 0.043 (0.047) 0.040 (0.048)
Manitoba 0.006 (0.045) 0.001 (0.045)
Ontario -0.054∗∗ (0.025) -0.069∗∗∗ (0.026)
Quebec -0.199∗∗∗ (0.024) -0.208∗∗∗ (0.026)
New Brunswick -0.156∗∗∗ (0.058) -0.153∗∗∗ (0.058)
Prince Edward Island -0.107 (0.137) -0.111 (0.136)
Nova Scotia -0.375∗∗∗ (0.043) -0.366∗∗∗ (0.042)
Newfoundland -0.332∗∗∗ (0.058) -0.335∗∗∗ (0.060)
Year 2011 -0.020 (0.030) -0.016 (0.036)
Year 2012 -0.028 (0.034) -0.021 (0.039)
Year 2013 0.005 (0.044) 0.016 (0.042)
Year 2014 0.021 (0.035) 0.034 (0.040)
Year 2015 0.070∗ (0.041) 0.098 (0.060)
Year 2016 0.034 (0.042) 0.069 (0.063)
Year 2017 0.045 (0.038) 0.078 (0.064)
Big 5 bank indicator -0.132∗∗∗ (0.023)
Small bank indicator -0.208∗∗∗ (0.043)
Online bank indicator -0.099∗∗ (0.039)
Desjardins credit union indicator -0.024 (0.036) -0.029 (0.036)
TD indicator -0.101∗∗∗ (0.031)
RBC indicator -0.217∗∗∗ (0.028)
Scotiabank indicator -0.145∗∗∗ (0.045)
BMO indicator -0.037 (0.057)
CIBC indicator -0.143∗∗ (0.060)
National Bank indicator -0.223∗∗∗ (0.061)
Laurentian Bank indicator -0.492∗∗ (0.199)
HSBC indicator -0.145∗∗ (0.063)
Canadian Western Bank indicator 0.113 (0.203)
Vancity CU indicator -0.392∗∗∗ (0.120)
ATB Financial indicator 0.204∗∗ (0.094)
Coast Capital CU indicator -0.053 (0.051)
Envision CU indicator 0.321∗∗∗ (0.123)
Prospera CU indicator -0.008 (0.194)
Meridian CU indicator -0.093 (0.120)
Tangerine bank indicator 0.093 (0.074)
PC Financial indicator -0.141∗∗∗ (0.034)
Other bank indicator 0.097 (0.093)
Constant 2.453∗∗∗ (0.090) 2.397∗∗∗ (0.117)

Observations 62,504 62,504
Olea-Pflueger effective F 59.78 5.26
Olea-Pflueger 10% effective F critical value 16.96 17.46

Standard errors in parentheses are clustered at the bank-year level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website, Statistics Canada.
Note: The table compares the baseline IV specification with grouped bank fixed effects to the IV specification with in-
dividual bank fixed effects. The dependent variable is the log deposit-to-cash ratio.
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Table B7: Estimated Parameters in Bank Choices of Different Financial Products

(1) (2) (3)
Credit Card Mortgage GIC

Preference for Complementarity 2.351∗∗∗ (0.010) 2.671∗∗∗ (0.016) 2.916∗∗∗ (0.018)
ln(Distance to branch) -0.117∗∗∗ (0.008) -0.123∗∗∗ (0.015) -0.156∗∗∗ (0.015)
ln(Distance to branch) × Live in rural area 0.003 (0.013) -0.026 (0.024) -0.055∗∗ (0.025)
ln(Number of branches + 1) 0.083∗∗∗ (0.007) 0.132∗∗∗ (0.014) 0.086∗∗∗ (0.014)
ln(Number of branches + 1) × Live in rural area 0.030∗∗ (0.014) 0.044∗ (0.026) -0.026 (0.026)
TD indicator 0.768∗∗∗ (0.029) 0.032 (0.041) -0.318∗∗∗ (0.043)
RBC indicator 1.161∗∗∗ (0.028) 0.078∗∗ (0.038) -0.387∗∗∗ (0.042)
Scotiabank indicator 0.688∗∗∗ (0.030) 0.388∗∗∗ (0.039) -0.281∗∗∗ (0.043)
BMO indicator 1.519∗∗∗ (0.029) -0.356∗∗∗ (0.041) -0.713∗∗∗ (0.044)
CIBC indicator 1.345∗∗∗ (0.029) 0.110∗∗∗ (0.040) -0.635∗∗∗ (0.044)
National Bank indicator 0.324∗∗∗ (0.035) -0.099∗∗ (0.046) -1.052∗∗∗ (0.055)
Laurentian Bank indicator -0.042 (0.059) -0.298∗∗∗ (0.079) -1.215∗∗∗ (0.091)
HSBC indicator -1.043∗∗∗ (0.064) -1.383∗∗∗ (0.081) -1.805∗∗∗ (0.089)
Canadian Western Bank indicator -5.677∗∗∗ (1.000) -2.618∗∗∗ (0.247) -1.412∗∗∗ (0.127)
Desjardins CU 0.976∗∗∗ (0.032) 0.062 (0.047) -0.832∗∗∗ (0.054)
Vancity CU indicator -0.057 (0.075) -0.643∗∗∗ (0.105) -0.672∗∗∗ (0.124)
ATB Financial indicator -0.295∗∗∗ (0.073) -0.469∗∗∗ (0.095) -0.546∗∗∗ (0.093)
Coast Capital CU indicator -0.969∗∗∗ (0.097) -0.532∗∗∗ (0.099) -0.226∗∗ (0.094)
Envision CU indicator -1.548∗∗∗ (0.212) -1.166∗∗∗ (0.195) -0.988∗∗∗ (0.196)
Prospera CU indicator -2.638∗∗∗ (0.352) -1.050∗∗∗ (0.148) -1.265∗∗∗ (0.191)
Meridian CU indicator -2.421∗∗∗ (0.170) -1.212∗∗∗ (0.094) -1.098∗∗∗ (0.093)
Tangerine -1.128∗∗∗ (0.061) -0.694∗∗∗ (0.060) 0.303∗∗∗ (0.046)
PC Financial indicator 1.517∗∗∗ (0.030) -1.206∗∗∗ (0.058) -1.815∗∗∗ (0.073)
Other bank indicator 0.770∗∗∗ (0.045) 0.025 (0.073) -0.804∗∗∗ (0.090)
AMEX indicator 1.578∗∗∗ (0.031)
MBNA indicator 1.185∗∗∗ (0.033)
Canadian Tire indicator 1.564∗∗∗ (0.031)
Capital One indicator 1.595∗∗∗ (0.031)
Other financial institutions 1.353∗∗∗ (0.038) 1.708∗∗∗ (0.038)
Trust companies -0.125∗∗ (0.053) -0.229∗∗∗ (0.055)

Observations 1,075,719 314,230 292,732
Number of choice sets 72,449 24,603 22,858

Robust standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC 2010–2017, Government of Canada website
Note: Each column in the table shows the estimated parameters from a conditional logistic regression of the bank
choice of a given financial product (i.e., credit card, mortgage loan, guaranteed investment certificate [GIC]) on the
deposit bank indicator, branch network, and individual bank fixed effects. “Number of choice sets” is the number of
household-year choice sets for the corresponding financial product; “Observations” counts the bank alternatives across
those choice sets.
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Table B8: Estimated Parameters in Deposit Bank Choice

Variables Estimates

Expected utility from liquidity holding 1.623∗∗∗

(0.147)

Sum of expected utilities from financial products 1.364∗∗∗

(0.038)

ln(Distance to branch) -0.175∗∗∗

(0.008)

ln(Distance to branch) × Live in rural area 0.112∗∗∗

(0.014)

ln(Number of branches + 1) 0.439∗∗∗

(0.010)

ln(Number of branches + 1) × Live in rural area 0.229∗∗∗

(0.021)

Big 5 bank indicator -0.261∗∗∗

(0.030)

Small bank indicator -0.461∗∗∗

(0.030)

Online bank indicator 0.386∗∗∗

(0.025)

Desjardins credit union indicator 0.111∗∗∗

(0.026)

Observations 674,536
Number of choice sets 62,504

Robust standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government
of Canada website, Statistics Canada
Note: The table shows the estimated parameters from a conditional logistic
regression of the deposit bank choice on the expected utilities from liquidity
holding EṼ b

i,j , other financial products
∑

k∈K ωkEV k
i,j , the branch network

measures, and grouped bank fixed effects. “Number of choice sets” is the
number of household-year choice sets; “Observations” counts the bank alter-
natives across those choice sets.
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B.4.2 Banks’ Supply Side

With the demand-side estimates, we obtain the estimated markups, or equivalently, the inverse

semi-elasticities of deposit demand. We then use (13) to obtain the supply-side parameters, i.e.,

banks’ marginal costs. Figure B5 plots the estimated markup and marginal cost against each bank’s

market share in 2017. As can be seen, the markups are positively correlated with market shares,

while the marginal costs are negatively correlated with market shares.

Figure B5: Estimated Markup and Marginal Cost for Each Bank in 2017
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Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website, Statistics Canada
Note: The figure plots the estimated markups and marginal costs of banks against their market shares in 2017. A
bank’s conditional market share refers to its market share conditional on its presence in the local markets, which
is calculated using the estimated probabilities of choosing the bank averaged across all the local markets (around
households’ residences) that the bank operates in.
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C Counterfactual Analysis on CBDC

This section provides details for the counterfactual analysis with CBDC. Section C.1 describes how

a CBDC is introduced into the households’ demand-side problem and Section C.2 describes how

the banks endogenously respond to the CBDC. Section C.3 defines the aggregate asset measures

used in the counterfactuals. Section C.4 reports additional results that complement the main text.

C.1 Introducing CBDC into Households’ Demand Side

C.1.1 CBDC as a New Digital Money Alternative

After a CBDC is introduced, we assume that each household’s choice set contains this new alter-

native. Let J cbdc
i ≡ Ji ∪ {cbdc} denote the expanded choice set. The household chooses to deposit

their digital liquid assets in the CBDC or one of the existing banks by comparing the utility from

each option. Based on (B9), a household i’s probability of depositing the digital money in the

CBDC is

P(j∗i = cbdc|rj , r−j) =
exp

(
θ̃EṼ b

i,cbdc + ϕ
∑

k∈K ωkEV k
i,cbdc +Xi,cbdcβ

f + ηfcbdc

)
∑

m∈J cbdc
i

exp
(
θ̃EṼ b

i,m + ϕ
∑

k∈K ωkEV k
i,m +Xi,mβf + ηfm

) , (C10)

where the subscript m refers to an incumbent bank or the CBDC. We assume the estimated

preference parameters (θ̃, ϕ, βf ) are unchanged when the CBDC is introduced. The only unknown

parameter in (C10) is the CBDC fixed effect ηfcbdc. Intuitively, we do not know how consumers will

value a product that is not yet offered. We consider a range of possibilities for the fixed effect of

the CBDC, namely among the estimated fixed effects for the big five banks, the small banks, the

online banks, Desjardins credit union and the other credit unions.

If a household chooses to deposit their digital money in the CBDC, then it allocates the endowed

liquid assets between CBDC and cash. Based on (7), the desired holding of the CBDC would be

di,cbdc =

(
ubi,cbdc

) σ
1−σ

1 +
(
ubi,cbdc

) σ
1−σ

wi, (C11)

where the per-dollar value from holding the digital balance in the CBDC is

ubi,cbdc = exp
(
αbri,cbdc +Xi,cbdcβ

b + ηbcbdc + ζb + εbi

)
, (C12)

where rcbdc is the CBDC rate and ri,cbdc = rcbdc(1 − τi) is the post-tax CBDC rate. The vector

Xi,cbdc consists of the branch network measures for CBDC. In the counterfactual analyses, we

study different designs of CBDC in terms of the interest rate and the network of service locations.

Assuming the preference parameters for attributes, α̃b and β̃
b
, are unchanged after CBDC issuance,

the remaining unknowns are the CBDC fixed effect, η̃bcbdc, and the unobserved idiosyncratic tastes
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for CBDC, (ζ̃b + ε̃bi). As discussed above, we consider a range of CBDC fixed effects based on the

estimated fixed effects ηfj for different banks j. For the unobserved idiosyncratic tastes, we assume

they are identical to those of bank deposits since they are both digital money.

Using (C12) and the estimated parameters ν̃ ≡ σν/(1 − σ) for each ν ∈ {αb,βb, ηbcbdc, ζ
b, εbi},

the desired CBDC holding in (C11) can be written as

di,cbdc =
exp

(
α̃bri,cbdc +Xi,cbdcβ̃

b
+ η̃bcbdc + ζ̃b + ε̃bi

)
1 + exp

(
α̃bri,cbdc +Xi,cbdcβ̃

b
+ η̃bcbdc + ζ̃b + ε̃bi

)wi. (C13)

Expected Demand for CBDC. Therefore, each household’s expected demand for CBDC is

P(j∗i = cbdc|rj , r−j)Edi,cbdc, (C14)

and summing over each household’s CBDC demand would give the aggregate CBDC demand.

Below, we discuss how we obtain the expected value from holding a liquid portfolio of CBDC

and cash, EṼ b
i,cbdc, the expected value from financial product k, EV k

i,cbdc, and the service location

vector Xi,cbdc in (C10).

C.1.2 Expected Value from Holding a Liquid Portfolio of CBDC and Cash

We first obtain the expected utility from holding the portfolio of CBDC and cash, EṼ b
i,cbdc, using

the same expected value of liquid portfolio formula used for bank deposits. Substituting the CBDC

per-dollar value in (C12) into (B3) gives(
ubi,cbdc

) σ
1−σ

= exp
(
α̃bri,cbdc +Xi,cbdcβ̃

b
+ η̃bcbdc + ζ̃b + ε̃bi

)
,

where the tilde coefficients are in the same scaled units estimated from the portfolio allocation

equation and ε̃bi is the scaled residual. Therefore, the expected value from holding CBDC and cash

is

EṼ b
i,cbdc = E

{
ln
[
1 + exp

(
α̃bri,cbdc +Xi,cbdcβ̃

b
+ η̃bcbdc + ζ̃b + ε̃bi

)]}
, (C15)

where the expectation is taken over the scaled residual ε̃bi . In the implementation, we integrate

over the empirical distribution of the scaled residuals from the portfolio allocation equation, as in

the construction of EṼ b
i,j for bank deposits.

C.1.3 CBDC Interoperability with Banks

Following (8), in the absence of CBDC, if a household chooses bank j for its digital money, the

utility from obtaining product k from bank n is

Uk
i,n(j) = κk1(n = j) +Xi,nβ

k + ηkn + εki,n. (C16)
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The term κk is the same-bank complementarity benefit: product bank n receives this extra utility

only when it is also the household’s deposit bank j.

In the presence of CBDC, when CBDC is chosen for digital money, the product bank n is still

an incumbent bank providing mortgages, credit cards, or GICs. The central bank does not provide

these products directly. Therefore, without interoperability, obtaining product k from bank n does

not generate the usual same-bank complementarity in (C16). However, if CBDC is interoperable

with incumbent banks, then choosing CBDC for digital money can still allow households to enjoy

complementarity benefit, ι κk, where ι measures the degree of interoperability, if they get financial

products from any of the participating banks. For example, when CBDC interoperability is with

the big five banks, the product-bank utility becomes

Uk
i,n(cbdc; ι) = ι κk1{n ∈ B}+Xi,nβ

k + ηkn + εki,n, (C17)

where B denotes the set of participating banks, which we assume to be big five banks in the main

counterfactuals. The two utility functions, (C16) and (C17), differ only in the complementarity

term. If bank j is chosen as the digital money provider, households receive the same-bank comple-

mentarity κk only when product k is obtained from the same bank, n = j. If CBDC is chosen as

the digital money provider and is interoperable with the big five banks, households instead receive

the complementarity benefit ι κk when product k is obtained from a participating bank. Since εki,n
follows the Type-I extreme value distribution, the corresponding expected value is

EV k
i,cbdc(ι) = ln

 ∑
n∈J k

i

exp
(
ι κk1{n ∈ B}+Xi,nβ

k + ηkn

)+ C. (C18)

In the counterfactuals, we vary the interoperability parameter over ι ∈ {0, 0.5, 1}. The no-

interoperability case is nested in (C18) by setting ι = 0. In this case, CBDC is not interoperable

with banks. Therefore, no bank in the product-bank choice set receives the complementarity term

through the CBDC alternative, and the expected value from product k becomes

EV k
i,cbdc(0) = ln

 ∑
n∈J k

i

exp
(
Xi,nβ

k + ηkn

)+ C. (C19)

The constant C does not matter for calculating the choice probability (C10) because it is the same

for all choice alternatives.

C.1.4 CBDC Service Location Network

The service location design determines Xi,cbdc. This vector affects CBDC demand directly through

the digital money choice probability in (C10) and indirectly through the liquidity value in (C15).

In the counterfactuals, we consider CBDC designs with no service locations, all Canada Post offices

as service locations, all bank branches as service locations, or both Canada Post offices and bank
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branches.

C.1.5 CBDC Holding Limits

Suppose a central bank imposes a limit d̄cbdc on CBDC holdings. If household i’s desired CBDC

holding exceeds this limit, CBDC holdings are constrained at di,cbdc = d̄cbdc and the household

holds the rest of its liquid assets in cash, c̄i,cbdc = wi − d̄cbdc. In this case, the expected utility from

liquidity holding is

EV̄ b
i,cbdc = E

{
ln
[
c̄σi,cbdc + (ubi,cbdcd̄cbdc)

σ
] 1

σ

}
, (C20)

which requires the calibration of σ, unlike in the unconstrained case where (C15) does not require

σ. Given a calibrated value of σ, we calculate θ = θ̃ σ
1−σ , and the probability of choosing the CBDC

becomes

P(j∗i = cbdc|rj , r−j) =
exp

(
θEV̄ b

i,cbdc + ϕ
∑

k∈K ωkEV k
i,cbdc +Xi,cbdcβ

f + ηfcbdc

)
∑

m∈J cbdc
i

exp
(
θEV b

i,m + ϕ
∑

k∈K ωkEV k
i,m +Xi,mβf + ηfm

) , (C21)

which tends to be lower than the unconstrained probability because EV̄ b
i,cbdc is lower than EV b

i,cbdc =

E
{
ln

[
cσi,cbdc + (ubi,cbdcdi,cbdc)

σ
] 1

σ

}
when cash and CBDC holdings are unconstrained. Figure C11

in Online Appendix C.4 shows that the results on CBDC holding limits are robust to a wide range

of σ values, ranging from 0.1 to 0.9.

C.2 Banks’ Endogenous Responses to CBDC

Introducing a CBDC affects bank deposit demand through both the level and the rate sensitivity

of demand. Holding deposit rates fixed, CBDC lowers the probability that each household chooses

bank j as its digital money provider, shifting bank j’s deposit demand downward. In addition,

CBDC gives households a new substitute for bank deposits, which makes bank deposit demand

more sensitive to deposit rates. Banks therefore have an incentive to raise deposit rates to retain

depositors and compete with CBDC.

We assume that banks’ marginal costs are unchanged by CBDC issuance. Therefore, the mag-

nitude of deposit rate adjustments is only driven by the demand shift and the resulting change

in the deposit demand elasticity. Using the estimated marginal costs and the banks’ first-order

conditions (13), we solve for the new equilibrium deposit rates in the presence of the CBDC. As

we vary the design of the CBDC (i.e., rcbdc,Xi,cbdc, ι, d̄cbdc), we can predict how banks adjust their

deposit rates in response to the CBDC under each design.

C.3 Measuring Aggregate Asset Holdings

A higher new equilibrium deposit rate means that conditional on choosing a bank j, the household

will allocate more of their endowed liquid assets into deposits than cash. In addition, it leads to
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a higher EṼ b
i,j , which raises the probability of choosing the bank j and lowers the probability of

choosing the CBDC, compared to the case when there is no endogenous response in deposit rates.

The equilibrium aggregate CBDC holdings can be obtained using (C14) and the new equilibrium

deposit rates:

dcbdc =
∑
i∈I

P(j∗i = cbdc|rj , r−j)Edi,cbdc(rcbdc). (C22)

Similarly, the new equilibrium aggregate deposit (D) and cash (C) holdings can be obtained using

D =
∑
i∈I

∑
j∈Ji

P(j∗i = j|rj , r−j)Edi,j(rj), (C23)

C =
∑
i∈I

∑
j∈J cbdc

i

P(j∗i = j|rj , r−j)Eci,j(rj), (C24)

where Ji contains incumbent banks, J cbdc
i = Ji ∪ {cbdc} is the expanded digital money choice set

after CBDC issuance, and the expectations are taken with respect to the idiosyncratic taste for

holding deposits relative to cash. The total liquid assets (dcbdc + D + C) are assumed to be the

same as the total liquid assets
∑

iwi before the CBDC issuance.

C.4 Additional Counterfactual Results

C.4.1 Impact of CBDC on Banks

This subsection reports the additional equilibrium outcomes that complement Section 4.1 in the

main text. Figure C6 reports the average change in deposit rates and the average percentage change

in profits across banks, which complements Figure 2 in the main text. Figure C7 separately plots

the change in deposits in Figure 5 by each CBDC design. Figure C8 reports the percentage change

in markup and the percentage change in profit for each bank, plotted against the bank’s pre-CBDC

market share. Banks with larger initial market shares experience larger markup declines because

they raise deposit rates more aggressively to retain customers. At the same time, these banks lose

fewer deposits in percentage terms. The larger markup compression and smaller deposit losses

largely offset each other, so profit changes show no clear relationship with initial market share.

C.4.2 Varying the CBDC Fixed Effect

Because CBDC does not exist in the estimation sample, the CBDC fixed effect is not identified

from observed household choices and must be assumed. The main counterfactuals set it equal to

the estimated fixed effect for the big five banks. This subsection reports counterfactual outcomes

under alternative CBDC fixed effect assumptions.

Figure C9 reports aggregate CBDC shares and deposit changes when the CBDC fixed effect is

set equal to each estimated grouped bank fixed effect. A more favorable fixed effect, such as the

online bank fixed effect, raises CBDC adoption and deposit crowding out. With no service location,

deposit losses remain small, ranging from 0.6% to 1.5% across assumptions. With bank branches
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Figure C6: Additional Equilibrium Outcomes under Minimal CBDC Designs

(a) Change in bank deposit rates
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure complements Figure 2 in the main text by reporting (a) the average endogenous change in deposit
rate (in basis points) across banks and (b) the average percentage drop in profits across banks, relative to the pre-
CBDC equilibrium. The CBDC is non-interest-bearing, has no interoperability, and the CBDC fixed effect is set
equal to that of the big five banks.

plus Canada Post offices as service locations, they range from 9.2% under the small bank fixed

effect to 20.4% under the online bank fixed effect.

C.4.3 Consumer Surplus Decomposition

We measure consumer surplus by equivalent variation: the deposit rate increase that would make a

household without a CBDC indifferent to having a CBDC. Here, “consumer” refers to a depositor

instead of a borrower. Since we focus on the impact of a CBDC on the deposit market, we cannot

discuss how a borrower’s welfare is affected by the CBDC issuance.

Following Petrin (2002), we interpret these welfare gains as model-implied changes in depositor

surplus under specified CBDC designs, rather than assumption-free estimates of the welfare value of

CBDC entry. In a random utility model, welfare estimates depend on how well the model disciplines

substitution patterns and how much demand is attributed to observed product characteristics and

household heterogeneity rather than idiosyncratic logit tastes. Our household-level bank choice data

discipline substitution along observed dimensions that vary across both households and banks, such

as service location access and expected value from other financial products. However, because a

CBDC has not yet been introduced, its attributes are design choices and its unobserved quality

is not directly observed. We therefore focus on comparisons of consumer surplus across CBDC

designs and household groups, rather than on the absolute level of consumer surplus.

Figure C10 decomposes the change in consumer surplus for a non-interest-bearing CBDC with

Big Five interoperability at ι = 0.5, comparing four service location designs separately for urban and
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Figure C7: Bank-Level Deposit Responses to CBDC by Design

(a) No network, no interoperability
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure splits the change in deposit deposit in Figure 5 into one panel for each CBDC design. The vertical
axis reports the percentage change in each bank’s deposit balances, and the horizontal axis reports the bank’s pre-
CBDC market share. “With interoperability” means a CBDC holder can enjoy 50% of the estimated same-bank
complementarity benefit if it obtains financial products from any of the big five banks. The CBDC is non-interest-
bearing, the CBDC fixed effect is set equal to that of the big five banks, and the holding limit is nonbinding.
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Figure C8: Bank-Level Markup and Profit Responses to CBDC

(a) Percentage change in markup
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(b) Percentage change in profit
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure complements Figure 5 in the main text by reporting (a) the percentage change in markup and
(b) the percentage change in profit, each plotted against the bank’s pre-CBDC market share. The four designs vary
service location and interoperability. “With interoperability” means a CBDC holder can enjoy 50% of the estimated
same-bank complementarity benefit if it obtains financial products from any of the big five banks. The CBDC is
non-interest-bearing and the CBDC fixed effect is set equal to that of the big five banks.

rural households. The decomposition separates four channels: (1) more choice variety due to CBDC

as a new alternative in the choice set, (2) the CBDC service network, (3) CBDC interoperability,

and (4) endogenously higher deposit rates due to competition from CBDC. The service network

and interoperability channels are the largest contributors to the change in consumer surplus, while

the deposit rate and choice variety contributions are small.

In addition, Figure C10 shows that rural gains are especially large when post offices are included.

Post offices are more evenly distributed than bank branches: the average rural household is about

1.9 km from the nearest post office, compared with 6.8 km from the nearest bank branch. This

makes post offices useful for improving rural access.

25



Figure C9: CBDC Share and Change in Aggregate Deposits across CBDC Fixed Effect Assumptions

(a) Aggregate CBDC share
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: Panel (a) reports the aggregate CBDC share, and Panel (b) reports the percentage change in aggregate deposits
relative to the pre-CBDC equilibrium, for a non-interest-bearing CBDC with no interoperability under each of the
four service location designs. Within each design, the five bars set the CBDC fixed effect equal to the estimated
grouped bank fixed effect for small banks, the big five banks, other credit unions, the Desjardins credit union, and
online banks, respectively.
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Figure C10: Decompose the Change in Consumer Surplus into Different Channels
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure plots changes in consumer surplus (in basis points) for a non-interest-bearing CBDC with Big
Five interoperability at ι = 0.5, across four service location designs. Within each service network design, each bar
represents the average change in consumer surplus for urban and rural households, respectively. The change in
consumer surplus is decomposed into four different channels that drive this change: higher equilibrium deposit rates,
improvement in service network brought by the CBDC, CBDC interoperability, and increase in choice variety due to
the presence of CBDC in the choice set. Here, CBDC has a fixed effect that is identical to that of the big five banks.
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C.4.4 Holding Limits

Robustness to the Calibration of σ. As discussed in Section 3.2, the substitution parameter

σ between cash and digital balances cannot be separately identified from the demand estimation.

The holding limit analysis in Section 4.3 sets σ = 0.5. Figure C11 shows that the holding limit

results are robust across a wide range of σ values ranging from 0.1 to 0.9.

Figure C11: Impacts of CBDC Holding Limits under Different σ Values
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure shows the impacts of the CBDC holding limits on the aggregate CBDC share under different
assumed values of σ, the substitution parameter between cash and digital balance. The aggregate CBDC share is the
share of households’ total liquid assets allocated into the CBDC in equilibrium. The x-axis is displayed on a log scale
for clarity. Here, we assume the CBDC is non-interest-bearing, has no interoperability, provides a service location
network that consists of all Canada Post offices and bank branches, and has a fixed effect that is identical to that of
the big five banks.

Consumer Surplus under Holding Limits. Figure C12 shows that holding limits reduce

consumer surplus gains much less than they reduce CBDC adoption. A $25,000 cap lowers average

consumer surplus gains by less than 10%, while the same cap reduces the aggregate CBDC share by

more than 40% (Figure 7a in the main text). This difference arises because the cap binds for only

slightly more than 10% of households, so the average consumer surplus is less affected. HowThese

households hold large liquid balances, so the cap removes a disproportionate amount of aggregate

CBDC balances.
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Figure C12: Change in Consumer Surplus under Different Limits on CBDC Holdings
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure shows the change in consumer surplus (in basis points) across different CBDC holding limits (in
Canadian dollars) for the four main-text CBDC designs: no service location and no interoperability, Canada Post
offices and no interoperability, no service location with interoperability, and Canada Post offices with interoperability.
The change in consumer surplus represents the average across all households. The x-axis is displayed on a log scale
for clarity. The CBDC is non-interest-bearing and its fixed effect equals that of the big five banks. The substitution
parameter σ between cash and digital balance is set to 0.5.
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D Robustness Checks

D.1 Including Rates in the Bank Choices for GIC and Mortgage

A natural concern is that the baseline bank choice problems for mortgages, guaranteed investment

certificates (GICs), and credit cards omit the interest rates on those products, which could bias

the estimates. We address this by augmenting the GIC and mortgage bank choice problems with

the corresponding interest rates on those products. We do not perform the same exercise for credit

cards because credit card products are highly differentiated along multiple dimensions, such as

rewards, annual fees, credit limits, and interest rates, making it difficult to summarize their prices

with a single comparable rate across banks.

For GICs, we use the GIC rate for the 1–3 year term, since this is the most common term in

the data, with 49% of GIC-holding households in our sample choosing this term. For mortgages,

we use the 5-year posted mortgage rate, the most common mortgage product in Canada. The 1–3

year GIC rates are available for 16 banks, while the posted mortgage rates are only available for

the largest six banks. For the banks with unobserved rates, we use the mean across banks within

the same year to impute them.

Table D9 reports the GIC and mortgage bank choice estimates with and without product-

specific rates. The GIC rate coefficient is 0.155 with a standard error of 0.110 and the 5-year

posted mortgage rate coefficient is 0.071 with a standard error of 0.207. For mortgages, the posted

rate is also a rough proxy for the actual negotiated rate, which adds measurement error.

More importantly, adding these rates leaves the estimated complementarity coefficients barely

changed. We then re-solve the CBDC counterfactual equilibrium using these new estimates. As

shown in Figure D13, the aggregate CBDC share and the change in bank deposits remain very

close to the baseline. Therefore, incorporating GIC and mortgage rates does not materially change

the main counterfactual results.
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Table D9: Comparison of Bank Choice Estimates with and without GIC and Mortgage Rates

GIC bank choice Mortgage bank choice

Baseline With GIC rate Baseline With mortgage rate

GIC rate (1-3 year term) 0.155
(0.110)

5-year posted mortgage rate 0.071
(0.207)

Preference for Complementarity 2.916∗∗∗ 2.916∗∗∗ 2.671∗∗∗ 2.671∗∗∗

(0.018) (0.018) (0.016) (0.016)

ln(Distance to branch) -0.156∗∗∗ -0.156∗∗∗ -0.123∗∗∗ -0.123∗∗∗

(0.015) (0.015) (0.015) (0.015)

ln(Distance to branch) × Live in rural area -0.055∗∗ -0.055∗∗ -0.026 -0.026
(0.025) (0.025) (0.024) (0.024)

ln(Number of branches + 1) 0.086∗∗∗ 0.086∗∗∗ 0.132∗∗∗ 0.132∗∗∗

(0.014) (0.014) (0.014) (0.014)

ln(Number of branches + 1) × Live in rural area -0.026 -0.027 0.044∗ 0.044∗

(0.026) (0.026) (0.026) (0.026)

Observations 292,732 292,732 314,230 314,230
Number of choice sets 22,858 22,858 24,603 24,603

Robust standard errors in parentheses. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC 2010–2017, Government of Canada website.
Note: This table compares the main coefficients from the GIC and mortgage bank choice problems under the baseline
specification and an augmented specification that adds product-specific rates. Both specifications include the home bank
indicator, branch network measures, and individual bank fixed effects.

Figure D13: Counterfactual Results with GIC and Mortgage Rates in Bank Choice
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure compares counterfactual outcomes from the baseline model with those from an augmented model
that adds GIC rates and posted mortgage rates to the corresponding bank choice problem. It reports the aggregate
CBDC share and the percentage change in aggregate deposits under four CBDC service location designs. In all
cases, CBDC is assumed to be non-interest-bearing, with no interoperability, and with the fixed effect set equal to
that of the big five banks.
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D.2 Robustness Checks on Branch Network Endogeneity

Branch locations are not randomly assigned, which raises a natural endogeneity concern. Branch

network variables may be correlated with unobserved determinants of households’ deposit bank

choice. For example, banks may open branches in neighborhoods where they expect stronger

demand, higher-income customers, or better matches with their product offerings. In that case, the

estimated branch network coefficients could capture not only households’ preferences for nearby

branches, but also unobserved bank attractiveness to local customers. We conduct two robustness

checks and explain below how they help mitigate this concern.

First, we interact grouped bank fixed effects with household income, education, and age cate-

gories. This exercise addresses the concern that some banks may be systematically more attractive

to particular demographic groups and may also place more branches near those groups. We use

four household income categories (less than $30k, $30k–$60k, $60k–$100k, and at least $100k), five
household-head education categories (below grade 13, community college, diploma, undergraduate,

and post-graduate), and five household-head age categories (34 or below, 35–44, 45–54, 55–64, and

65 or above).

Second, we interact grouped bank fixed effects with local population density groups. This

exercise addresses a more spatial concern: banks may choose branch locations in dense or high-

demand local markets where unobserved bank attractiveness is different. If the branch network

estimates were mainly capturing bank appeal that varies systematically with local density, allowing

bank fixed effects to differ by density group should absorb much of that channel. We use data from

Statistics Canada to measure local population density at the forward sortation area (FSA) level,

where an FSA is the first three characters of a Canadian postal code. We assign each household to

an FSA using the first three characters of its postal code, merge FSA-level population density data

from the 2011 and 2016 Censuses, use 2011 density for 2010–2013 and 2016 density for 2014–2017,

and define low-, middle-, and high-density groups using the 30th and 70th percentiles of this density

measure.

Table D10 shows that in both exercises the branch network coefficients remain economically

and statistically important. The magnitudes are similar to the baseline estimates. For both urban

and rural households, the estimates imply that households are less likely to choose banks whose

nearest branch is farther away and more likely to choose banks with more nearby branches. We

then re-solve the counterfactuals using the new estimates from each specification. Figure D14 and

Figure D15 show that the corresponding CBDC counterfactual outcomes are close to the baseline.

They address two specific forms of omitted attractiveness: bank appeal to particular household

types and bank appeal in different local density markets. Other unobserved factors may still affect

both branch placement and household bank choices, and our robustness checks do not capture

all such possibilities. We therefore view these exercises as evidence that helps mitigate these two

specific concerns, while acknowledging that they do not fully resolve branch location endogeneity.
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Table D10: Selected Estimated Parameters in Deposit Bank Choice

Variables Baseline Bank fixed effects interacted with
household characteristics local density

Utility from liquidity holding 1.623∗∗∗ 1.612∗∗∗ 1.434∗∗∗

(0.147) (0.148) (0.149)

Sum of expected utilities from financial products 1.364∗∗∗ 1.331∗∗∗ 1.323∗∗∗

(0.038) (0.038) (0.039)

ln(Distance to branch) -0.175∗∗∗ -0.167∗∗∗ -0.159∗∗∗

(0.008) (0.009) (0.009)

ln(Distance to branch) × Live in rural area 0.112∗∗∗ 0.103∗∗∗ 0.101∗∗∗

(0.014) (0.014) (0.015)

ln(Number of branches + 1) 0.439∗∗∗ 0.472∗∗∗ 0.678∗∗∗

(0.010) (0.010) (0.012)

ln(Number of branches + 1) × Live in rural area 0.229∗∗∗ 0.175∗∗∗ -0.129∗∗∗

(0.021) (0.021) (0.023)

Observations 674,536 674,536 674,536
Number of choice sets 62,504 62,504 62,504

Robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website, Statistics Canada.
Note: This table reports conditional logit estimates of deposit bank choice. The baseline specification is compared
with two alternative specifications: one that interacts grouped bank fixed effects with four income categories, five
education categories, and five age categories, and another that interacts grouped bank fixed effects with local popu-
lation density categories. These interaction terms are included in the regressions but omitted from the table to save
space. “Number of choice sets” refers to household-year choice sets. “Observations” also counts the bank alterna-
tives within each choice set.

Figure D14: Baseline vs Bank Fixed Effects Interacted with Household Characteristics

(a) Aggregate CBDC share
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(b) Change in aggregate deposits
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure compares counterfactual outcomes from the baseline model with those from a model in which
grouped bank fixed effects are interacted with four income categories, five education categories, and five age
categories in the deposit bank choice problem. It reports the aggregate CBDC share and the percentage change in
aggregate deposits under four CBDC service location designs. In all cases, CBDC is assumed to be non-interest-
bearing, with no interoperability, and has a fixed effect set equal to that of the big five banks.
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Figure D15: Baseline vs Bank Fixed Effects Interacted with Population Density

(a) Aggregate CBDC share

0.7 0.6

6.3
6.9

8.7

12.5

11.5

15.8

0

5

10

15

Ag
gr

eg
at

e 
C

BD
C

 s
ha

re
 (%

)

No service location Post offices Bank branches Branches + post offices

Baseline Bank FE interacted with local population density

(b) Percentage change in deposits

-0.7 -0.6

-6.6
-7.2

-9.1

-13.0
-11.9

-16.5

-20

-15

-10

-5

0

C
ha

ng
e 

in
 a

gg
re

ga
te

 d
ep

os
its

 (%
)

No service location Post offices Bank branches Branches + post offices

Baseline Bank FE interacted with local population density

Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure compares counterfactual outcomes from the baseline model with those from a model in which
grouped bank fixed effects are interacted with FSA-level population density groups in the deposit bank choice
problem. It reports the aggregate CBDC share and the percentage change in aggregate deposits under four CBDC
service location designs. In all cases, CBDC is assumed to be non-interest-bearing, with no interoperability, and
has the big five bank fixed effect.
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D.3 Estimation with Imputed Deposit Rates

As discussed in Section 3.1 in the main text, we use the average demand deposit rates across the

big five banks and National Bank to impute the deposit rates of those banks with unobserved

demand deposit rates. As a robustness check, we use short-term GIC rates (30–59 days) available

for 13 banks to construct alternative imputed deposit rates. Specifically, we assume the average

GIC-deposit rate spread for the big five banks and National Bank applies to the other banks—i.e.,

the markup between the two products is similar. We calculate this average spread for each year

and then subtract it from the other banks’ GIC rates to impute their deposit rates. Table D11

shows the results using the subsample of households that deposit with the 13 banks, seven with

observed demand deposit rates (i.e., big five banks, National Bank, and Laurentian Bank) and six

with the imputed rates using the GIC-deposit rate spread.

D.4 Robustness Checks on the Complementarity Parameters

Table D12 shows that the estimate for preference for complementarity is robust to controlling for

bank fixed effects interacted with the old age indicator (⩾ 55 years old), which partly capture

the consumer tastes for banks that may be correlated across products. Similarly, controlling for

interactions between bank fixed effects and high education indicators or high income indicators

does not notably change the estimate for complementarity preference either.
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Table D11: Estimated Parameters in Portfolio Allocation Choice Using Imputed Rates

Baseline 7 Banks Only More Banks

Dependent variable: Log of deposit-to-cash ratio coefficients se coefficients se coefficients se

Post-tax deposit rate 0.714∗∗∗ (0.269) 0.768∗∗∗ (0.270)
Post-tax deposit rate (incl. imputed rates) 0.782∗∗∗ (0.255)
ln(Distance to branch) 0.004 (0.011) -0.002 (0.012) -0.003 (0.011)
ln(Distance to branch) × Live in rural area -0.053∗∗∗ (0.016) -0.040∗∗ (0.018) -0.050∗∗∗ (0.017)
ln(Number of branches + 1) 0.024∗∗∗ (0.009) 0.036∗∗∗ (0.009) 0.033∗∗∗ (0.009)
ln(Number of branches + 1) × Live in rural area -0.026 (0.017) -0.050∗∗ (0.022) -0.050∗∗∗ (0.017)
Dislike investing in stock market 0.019∗∗∗ (0.003) 0.021∗∗∗ (0.003) 0.020∗∗∗ (0.003)
Having difficulty in paying off debt -0.063∗∗∗ (0.003) -0.064∗∗∗ (0.004) -0.065∗∗∗ (0.003)
Behind debt obligations in the past year -0.280∗∗∗ (0.036) -0.288∗∗∗ (0.041) -0.266∗∗∗ (0.038)
Household income $15,000 - $19,999 0.183∗∗∗ (0.058) 0.191∗∗∗ (0.071) 0.246∗∗∗ (0.064)
Household income $20,000 - $24,999 0.289∗∗∗ (0.061) 0.289∗∗∗ (0.077) 0.328∗∗∗ (0.068)
Household income $25,000 - $29,999 0.339∗∗∗ (0.049) 0.332∗∗∗ (0.060) 0.378∗∗∗ (0.055)
Household income $30,000 - $34,999 0.473∗∗∗ (0.054) 0.470∗∗∗ (0.066) 0.538∗∗∗ (0.060)
Household income $35,000 - $44,999 0.458∗∗∗ (0.053) 0.434∗∗∗ (0.070) 0.487∗∗∗ (0.061)
Household income $45,000 - $54,999 0.476∗∗∗ (0.049) 0.482∗∗∗ (0.063) 0.529∗∗∗ (0.057)
Household income $55,000 - $59,999 0.512∗∗∗ (0.056) 0.546∗∗∗ (0.074) 0.559∗∗∗ (0.064)
Household income $60,000 - $69,999 0.514∗∗∗ (0.051) 0.517∗∗∗ (0.064) 0.550∗∗∗ (0.057)
Household income $70,000 - $99,999 0.580∗∗∗ (0.049) 0.585∗∗∗ (0.063) 0.621∗∗∗ (0.056)
Household income $100,000 - $149,999 0.635∗∗∗ (0.051) 0.621∗∗∗ (0.065) 0.672∗∗∗ (0.058)
Household income ⩾ $15,000 0.681∗∗∗ (0.054) 0.663∗∗∗ (0.068) 0.707∗∗∗ (0.062)
Grade 9-13 0.092∗ (0.055) 0.118∗ (0.070) 0.117∗∗ (0.056)
Community College 0.142∗∗∗ (0.054) 0.194∗∗∗ (0.068) 0.184∗∗∗ (0.054)
Diploma 0.230∗∗∗ (0.055) 0.263∗∗∗ (0.068) 0.243∗∗∗ (0.055)
Undergraduate 0.387∗∗∗ (0.051) 0.436∗∗∗ (0.066) 0.418∗∗∗ (0.053)
Post-graduate 0.498∗∗∗ (0.059) 0.560∗∗∗ (0.075) 0.538∗∗∗ (0.062)
Household head age 35–44 -0.225∗∗∗ (0.036) -0.213∗∗∗ (0.047) -0.215∗∗∗ (0.042)
Household head age 45–54 -0.331∗∗∗ (0.034) -0.304∗∗∗ (0.044) -0.317∗∗∗ (0.039)
Household head age 55–64 -0.291∗∗∗ (0.031) -0.288∗∗∗ (0.037) -0.293∗∗∗ (0.034)
Household head age ⩾ 65 -0.079∗∗ (0.035) -0.079∗ (0.045) -0.089∗∗ (0.039)
Household size = 2 -0.083∗∗∗ (0.018) -0.084∗∗∗ (0.020) -0.080∗∗∗ (0.019)
Household size = 3 -0.123∗∗∗ (0.029) -0.100∗∗∗ (0.036) -0.102∗∗∗ (0.033)
Household size ⩾ 4 -0.127∗∗∗ (0.025) -0.117∗∗∗ (0.030) -0.119∗∗∗ (0.028)
Household has a female head 0.295∗∗∗ (0.025) 0.319∗∗∗ (0.029) 0.308∗∗∗ (0.026)
Rent a home -0.266∗∗∗ (0.021) -0.274∗∗∗ (0.025) -0.277∗∗∗ (0.023)
Live in rural area 0.087 (0.060) 0.146∗∗ (0.071) 0.166∗∗∗ (0.064)
Alberta 0.030 (0.032) -0.016 (0.036) 0.039 (0.037)
Saskatchewan 0.043 (0.047) 0.093∗ (0.054) 0.127∗∗ (0.053)
Manitoba 0.006 (0.045) -0.112∗∗∗ (0.039) -0.087∗∗ (0.039)
Ontario -0.054∗∗ (0.025) -0.082∗∗∗ (0.029) -0.052∗ (0.028)
Quebec -0.199∗∗∗ (0.024) -0.229∗∗∗ (0.024) -0.209∗∗∗ (0.024)
New Brunswick -0.156∗∗∗ (0.058) -0.066 (0.061) -0.041 (0.060)
Prince Edward Island -0.107 (0.137) -0.044 (0.125) -0.019 (0.125)
Nova Scotia -0.375∗∗∗ (0.043) -0.360∗∗∗ (0.048) -0.333∗∗∗ (0.048)
Newfoundland -0.332∗∗∗ (0.058) -0.312∗∗∗ (0.064) -0.286∗∗∗ (0.064)
Year 2011 -0.020 (0.030) -0.008 (0.038) -0.011 (0.035)
Year 2012 -0.028 (0.034) -0.012 (0.045) -0.026 (0.040)
Year 2013 0.005 (0.044) 0.012 (0.058) -0.003 (0.052)
Year 2014 0.021 (0.035) 0.022 (0.045) 0.011 (0.040)
Year 2015 0.070∗ (0.041) 0.030 (0.045) 0.046 (0.043)
Year 2016 0.034 (0.042) 0.045 (0.053) 0.032 (0.048)
Year 2017 0.045 (0.038) 0.055 (0.049) 0.046 (0.043)
Big 5 bank indicator -0.132∗∗∗ (0.023) 0.089∗∗ (0.043) -0.029 (0.069)
Small bank indicator -0.208∗∗∗ (0.043) 0.000 (.) -0.095 (0.072)
Online bank indicator -0.099∗∗ (0.039) 0.000 (.) 0.000 (.)
Desjardins credit union indicator -0.024 (0.036) 0.000 (.) 0.101 (0.075)
Constant 2.453∗∗∗ (0.090) 2.141∗∗∗ (0.129) 2.244∗∗∗ (0.123)

Observations 62,504 44,645 52,042
Olea–Pflueger effective F 59.78 82.65 38.61
Olea–Pflueger 10% critical value 16.96 19.05 14.69

Standard errors in parentheses are clustered at the bank-year level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website, Statistics Canada
Note: The table reports estimation results from three samples. The “Baseline” column uses all households in the baseline sam-
ple. “7 Banks Only” restricts the sample to households whose deposit bank is one of the seven banks with observed HIC deposit
rates: the big five banks, National Bank, and Laurentian Bank. “More Banks” adds six banks with observed 30–59 day GIC rates
and imputed HIC rates, for 13 banks in total. This column covers 52,042 household-year observations, about 83% of the baseline
sample. “Observations” reports household-year observations in the CFM sample from 2010 to 2017. The last two rows report the
Olea–Pflueger weak-IV effective F -statistic and its 10% critical value.
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Table D12: Including Bank Fixed Effects Interacted with Household Characteristics

(1) (2) (3) (4) (5) (6)
Credit Card Credit Card Mortgage Mortgage GIC GIC

Preference for Complementarity 2.351∗∗∗ 2.347∗∗∗ 2.671∗∗∗ 2.665∗∗∗ 2.916∗∗∗ 2.909∗∗∗

(0.010) (0.010) (0.016) (0.016) (0.018) (0.018)

ln(Distance to branch) -0.117∗∗∗ -0.116∗∗∗ -0.123∗∗∗ -0.121∗∗∗ -0.156∗∗∗ -0.153∗∗∗

(0.008) (0.008) (0.015) (0.015) (0.015) (0.015)

ln(Distance to branch) × Live in rural area 0.003 0.003 -0.026 -0.028 -0.055∗∗ -0.060∗∗

(0.013) (0.013) (0.024) (0.024) (0.025) (0.025)

ln(Number of branches + 1) 0.083∗∗∗ 0.090∗∗∗ 0.132∗∗∗ 0.141∗∗∗ 0.086∗∗∗ 0.089∗∗∗

(0.007) (0.007) (0.014) (0.015) (0.014) (0.014)

ln(Number of branches + 1) × Live in rural area 0.030∗∗ 0.026∗ 0.044∗ 0.037 -0.026 -0.031
(0.014) (0.014) (0.026) (0.026) (0.026) (0.026)

Observations 1,075,719 1,075,719 314,230 314,230 292,732 292,732
Number of choice sets 72,449 72,449 24,603 24,603 22,858 22,858
Bank fixed effects yes yes yes yes yes yes
Bank fixed effects interacted with characteristics yes yes yes

Robust standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC 2010–2017, Government of Canada website
Note: Each column in the table shows the estimated parameters from a conditional logistic regression of the bank choice of a
given financial product (i.e., credit card, mortgage loan, guaranteed investment certificate [GIC]) on the deposit bank indicator,
branch network, and all bank fixed effects. On top of these variables, columns (2), (4), and (6) control for bank fixed effects
interacted with the old age indicator (⩾ 55 years old) to partly capture the household tastes for a given bank that are correlated
across products. Controlling for interactions between bank fixed effects and high education indicators or high income indicators
does not notably change the estimate for the preference for complementarity either. Columns (1), (3), and (5) are identical to
those in Table 2 in the main text. “Number of choice sets” denotes the number of household-year choice sets. “Observations”
also counts the bank alternatives within each choice set.
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D.5 Alternative Timing Assumption and Joint Estimation

In the baseline specification, the household first chooses the deposit bank and only then allocates its

liquid assets between cash and deposits. Under this timing assumption, when household i chooses a

deposit bank j ∈ Ji, the household-specific idiosyncratic taste for holding deposits, ε
b
i in (4), has not

yet been realized. Therefore, the deposit bank choice is based on the expected value from liquidity

holding, EV b
i,j , rather than on the realized portfolio utility V b

i,j . This timing assumption rules out

the selection on the unobserved taste for holding deposits εbi , in other words, the unobserved εbi that

affects the portfolio allocation between deposits and cash does not also help determine the deposit

bank choice. As a result, we can estimate the model in stages. We first estimate the parameters in

the portfolio allocation equation (B1), use them to construct EV b
i,j for each bank in the household’s

choice set, and then estimate the deposit bank choice equation separately.

As a robustness check, we consider a version of the model where households observe εbi when

choosing their deposit banks. Under this alternative timing assumption, the same idiosyncratic taste

εbi affects both the discrete deposit bank choice and the observed continuous portfolio allocation, so

the portfolio allocation and deposit bank choice equations can no longer be estimated separately.

We therefore estimate them jointly by MLE.

Let ybi ≡ ln(d∗i /c
∗
i ) denote household i’s observed log deposit-to-cash ratio at the chosen bank.

Define the systematic component of the portfolio allocation equation as

µ̃b
i,j ≡ α̃bri,j +Xi,jβ̃

b
+Ziγ̃

b + η̃bj + ζ̃b,

where ν̃ = σν/(1− σ) for every ν ∈ {αb,βb,γb,ηb, ζb, εbi}. Then (B1) can be rewritten as

ybi = µ̃b
i,j∗i

+ ε̃bi .

Notice that ε̃bi = σεbi/(1 − σ) is the transformed residual associated with the household-specific

idiosyncratic taste for holding deposits. Therefore, conditional on the chosen bank j∗i and the

parameter vector, the transformed residual is pinned down by

ε̃bi = ybi − µ̃b
i,j∗i

. (D25)

Under the alternative timing assumption, this same transformed residual enters the utility from

every bank in the choice set. Then

Ṽ b
i,j = ln

[
1 + (ubi,j)

σ/(1−σ)
]
= ln

[
1 + exp

(
µ̃b
i,j + ε̃bi

)]
= ln

{
1 + exp

[
ybi +

(
µ̃b
i,j − µ̃b

i,j∗i

)]}
.

This expression shows if all the parameters are known, one can use the the observed chosen-

bank portfolio outcome ybi to calculate the transformed idiosyncratic preference for deposits, ε̃bi . It

then can be used to construct the latent utility from every bank j ∈ Ji.
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We can then write the probability for household i to choose bank j as the deposit bank as

Pi,j(Θ) =
exp

(
θ̃Ṽ b

i,j + ϕ
∑

k∈K ωkEV k
i,j +Xi,jβ

f + ηfj

)
∑

m∈Ji
exp

(
θ̃Ṽ b

i,m + ϕ
∑

k∈K ωkEV k
i,m +Xi,mβf + ηfm

) .
where Θ is the set of unknown parameters that we discuss later. Only the cross-bank varying

components of the portfolio allocation equation affect this choice probability. This is why the

household-level heterogeneity Zi and ζ̃b affect portfolio choices but do not directly affect choice

probabilities.

To address the endogeneity problem of the post-tax deposit rate ri,j in joint estimator, let

W i,j collect the exogenous portfolio allocation controls in (B1) and the excluded instruments (i.e.,

interactions between individual bank indicators and policy rate). Write

ri,j = W i,jΠ+ ei,j .

Assume the pair
(
ei,j , ε

b
i

)
is i.i.d. and independent of W i,j and the Type-I extreme value idiosyn-

cratic tastes for banks. It follows a joint normal distribution with mean zero and a covariance

matrix. The covariance matrix potentially has non-zero off-diagonal elements because of endo-

geneity. Equivalently, decompose the rate residual into the component linearly projected on the

transformed residual ε̃bi and an orthogonal residual:

ri,j = W i,jΠ+ λε̃bi + νi,j ,

where νi,j is i.i.d. normal with variance σ2
ν and is independent of the Type-I extreme value taste

shocks in the deposit bank choice equation. The parameter λ is a known function of the covariance

matrix of
(
ei,j , ε

b
i

)
. Use (D25) to define

νi,j(Θ) = ri,j −W i,jΠ− λ
(
ybi − µ̃b

i,j∗i

)
.

The contribution of household i to the IV joint log likelihood is

ℓi(Θ) = logPi,j∗i
(Θ)− 1

2
log(2πσ2

ε̃)−
1

2σ2
ε̃

(
ybi − µ̃b

i,j∗i

)2
−

∑
j∈Ji

[
1

2
log(2πσ2

ν) +
1

2σ2
ν

νi,j(Θ)2
]
,

where Θ collects the portfolio allocation parameters (α̃b, β̃
b
, γ̃b, η̃b, ζ̃b), the deposit bank choice

parameters (θ̃, ϕ,βf ,ηf ), the IV first-stage parameters (Π, λ), and the residual standard deviations

(σε̃, σν). Summing over households yields the log-likelihood function under the alternative timing

assumption.

This likelihood has three components. The first component, logPi,j∗i
(Θ), is the log probability of

the observed deposit bank choice. The second component, −1
2 log(2πσ

2
ε̃)− 1

2σ2
ε̃

(
ybi − µ̃b

i,j∗i

)2
, is the

log density of the observed portfolio allocation outcome. This outcome pins down the transformed
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residual ybi − µ̃b
i,j∗i

. The third component, −
∑

j∈Ji

[
1
2 log(2πσ

2
ν) +

1
2σ2

ν
νi,j(Θ)2

]
, is the log density

of the IV first-stage residuals.

Monte Carlo Experiments. Before applying the joint estimator to the data, we use a simple

Monte Carlo exercise to illustrate that the joint MLE is consistent in the presence of both selection

and endogeneity. The simulation keeps the same structure as the discussion above but abstracts

away the additional controls. Suppose there are five banks and the portfolio allocation equation is

ybi = α0,j∗i
+ α1ri,j∗i + ε̃bi ,

where the bank-specific intercepts are

(α0,1, α0,2, α0,3, α0,4, α0,5) = (−0.4,−0.2, 0, 0.2, 0.4) ,

with α1 = 0.8, θ̃ = 1.2, and σε̃ = 0.7. The rate variable is generated from a first-stage equation in

which the excluded instrument in W i,j is drawn independently from a standard normal distribution

and is independent of ε̃bi . The first-stage coefficient on the excluded instrument is normalized to

one. Endogeneity is introduced by setting λ = 0.4/0.7 ≃ 0.57, which corresponds to a correlation of

0.4 between the rate residual and the transformed residual in the original first-stage representation.

The remaining first-stage residual has standard deviation
√
1− 0.42. The household then chooses

a bank using the realized portfolio value,

P(j∗i = j | ybi ) =
exp

{
θ̃ ln

[
1 + exp

(
α0,j + α1ri,j + ε̃bi

)]}
∑5

m=1 exp
{
θ̃ ln

[
1 + exp

(
α0,m + α1ri,m + ε̃bi

)]} .

As in the empirical problem, only the chosen-bank portfolio outcome ybi is observed.

We compare three estimators. The naive staged estimator first estimates the portfolio allocation

equation using only the chosen-bank observations and then plugs the fitted values into the deposit

bank choice likelihood. It ignores both the selection induced by observing ybi only for the chosen

bank and the endogeneity of ri,j . The staged IV estimator instead estimates the chosen-bank

portfolio allocation equation by IV, using the excluded instrument in W i,j , and then plugs the

fitted portfolio component into the deposit bank choice likelihood. It controls for the endogeneity

of ri,j , but it still ignores selection into the observed chosen-bank portfolio outcome. The joint

likelihood accounts for both the selection rule and the endogenous rate. Table D13 reports results

from 1000 replications for sample sizes 500 and 2000.

The naive staged estimator has persistent bias even when the sample size increases from 500 to

2000, because it ignores that the transformed residual affects both the observed portfolio outcome

and the discrete bank choice, and it does not account for the endogeneity of the rate variable.

The staged IV estimator reduces the bias by controlling for rate endogeneity, but the remaining

bias persists as the sample grows because the estimator still ignores selection into the chosen-
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Table D13: Monte Carlo Check for the Alternative Timing Assumption

n Parameter Naive staged estimator Staged IV estimator Joint MLE

Bias Var. MSE Bias Var. MSE Bias Var. MSE

500 α0,1 -0.1632 0.0056 0.0322 -0.0919 0.0063 0.0147 -0.0021 0.0032 0.0032
500 α0,2 -0.1511 0.0048 0.0276 -0.0751 0.0050 0.0107 -0.0027 0.0025 0.0025
500 α0,3 -0.1286 0.0041 0.0206 -0.0477 0.0047 0.0069 -0.0011 0.0022 0.0022
500 α0,4 -0.1126 0.0041 0.0168 -0.0298 0.0046 0.0055 -0.0030 0.0022 0.0022
500 α0,5 -0.0904 0.0036 0.0117 -0.0066 0.0040 0.0041 0.0008 0.0020 0.0020
500 α1 0.1813 0.0004 0.0333 0.0650 0.0007 0.0050 0.0007 0.0003 0.0003

500 θ̃ -0.2839 0.0068 0.0874 -0.1047 0.0083 0.0193 0.0025 0.0104 0.0104
500 σε̃ -0.0615 0.0004 0.0042 -0.0375 0.0006 0.0020 -0.0034 0.0007 0.0007

2000 α0,1 -0.1668 0.0013 0.0291 -0.0960 0.0014 0.0106 -0.0016 0.0007 0.0007
2000 α0,2 -0.1473 0.0012 0.0229 -0.0716 0.0013 0.0065 -0.0008 0.0007 0.0007
2000 α0,3 -0.1289 0.0011 0.0177 -0.0495 0.0012 0.0037 -0.0001 0.0005 0.0005
2000 α0,4 -0.1107 0.0011 0.0133 -0.0283 0.0012 0.0020 -0.0006 0.0006 0.0006
2000 α0,5 -0.0922 0.0009 0.0094 -0.0086 0.0010 0.0011 -0.0013 0.0005 0.0005
2000 α1 0.1815 0.0001 0.0330 0.0662 0.0002 0.0046 0.0006 0.0001 0.0001

2000 θ̃ -0.2841 0.0015 0.0822 -0.1049 0.0019 0.0129 0.0011 0.0023 0.0023
2000 σε̃ -0.0584 0.0001 0.0035 -0.0351 0.0002 0.0014 -0.0014 0.0002 0.0002

Note: The table reports bias, variance, and mean squared error across 1000 Monte Carlo replications. The naive
staged estimator estimates the portfolio allocation equation on chosen-bank observations and then estimates
the bank-choice equation using the fitted portfolio component. The staged IV estimator uses the excluded
instrument to control for the endogeneity of the rate variable in the chosen-bank portfolio equation, but it does
not correct for selection into the observed chosen-bank outcome. The joint MLE uses the likelihood under the
alternative timing assumption and includes the first-stage density for the endogenous rate variable.

bank portfolio outcome. The joint MLE is essentially unbiased for the bank intercepts, the rate

coefficient, the choice coefficient, and the residual standard deviation. This confirms that the joint

estimator is consistent when both selection and endogeneity are present.

Data Application. We then re-estimate the model using the joint MLE. Tables D14 and D15

report the corresponding comparison between our baseline estimates and the joint MLE for the

portfolio allocation and deposit bank choice equations; the estimates are broadly similar. We also

use the joint-estimation coefficients to re-solve the counterfactual equilibrium with a CBDC and

compare with the baseline IV results. Figure D16 reports the comparison using the updated baseline

counterfactuals: the aggregate CBDC share and the percentage change in deposits under the joint

MLE are very close to the baseline across the four service location designs, so the alternative timing

assumption does not materially change the counterfactual results.
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Table D14: Comparison of Estimated Parameters in Portfolio Allocation Choice: Baseline vs Joint
Estimation

Variables Baseline Joint Estimation

Post-tax deposit rate 0.714∗∗∗ (0.269) 0.433∗∗∗ (0.138)
ln(Distance to branch) 0.004 (0.011) 0.010 (0.007)
ln(Distance to branch) × Live in rural area -0.053∗∗∗ (0.016) -0.040∗∗∗ (0.012)
ln(Number of branches + 1) 0.024∗∗∗ (0.009) 0.020∗∗∗ (0.007)
ln(Number of branches + 1) × Live in rural area -0.026 (0.017) -0.016 (0.014)
Dislike investing in stock market 0.019∗∗∗ (0.003) 0.020∗∗∗ (0.003)
Having difficulty in paying off debt -0.063∗∗∗ (0.003) -0.063∗∗∗ (0.003)
Behind debt obligations in the past year -0.280∗∗∗ (0.036) -0.281∗∗∗ (0.036)
Household income $15,000 - $19,999 0.183∗∗∗ (0.058) 0.181∗∗∗ (0.053)
Household income $20,000 - $24,999 0.289∗∗∗ (0.061) 0.288∗∗∗ (0.052)
Household income $25,000 - $29,999 0.339∗∗∗ (0.049) 0.337∗∗∗ (0.052)
Household income $30,000 - $34,999 0.473∗∗∗ (0.054) 0.472∗∗∗ (0.049)
Household income $35,000 - $44,999 0.458∗∗∗ (0.053) 0.456∗∗∗ (0.046)
Household income $45,000 - $54,999 0.476∗∗∗ (0.049) 0.472∗∗∗ (0.046)
Household income $55,000 - $59,999 0.512∗∗∗ (0.056) 0.507∗∗∗ (0.050)
Household income $60,000 - $69,999 0.514∗∗∗ (0.051) 0.509∗∗∗ (0.047)
Household income $70,000 - $99,999 0.580∗∗∗ (0.049) 0.573∗∗∗ (0.044)
Household income $100,000 - $149,999 0.635∗∗∗ (0.051) 0.627∗∗∗ (0.046)
Household income ⩾ $15,000 0.681∗∗∗ (0.054) 0.673∗∗∗ (0.051)
Grade 9-13 0.092∗ (0.055) 0.089 (0.057)
Community College 0.142∗∗∗ (0.054) 0.137∗∗ (0.058)
Diploma 0.230∗∗∗ (0.055) 0.226∗∗∗ (0.057)
Undergraduate 0.387∗∗∗ (0.051) 0.384∗∗∗ (0.058)
Post-graduate 0.498∗∗∗ (0.059) 0.495∗∗∗ (0.061)
Household head age 35–44 -0.225∗∗∗ (0.036) -0.226∗∗∗ (0.031)
Household head age 45–54 -0.331∗∗∗ (0.034) -0.332∗∗∗ (0.029)
Household head age 55–64 -0.291∗∗∗ (0.031) -0.289∗∗∗ (0.027)
Household head age ⩾ 65 -0.079∗∗ (0.035) -0.078∗∗∗ (0.028)
Household size = 2 -0.083∗∗∗ (0.018) -0.084∗∗∗ (0.021)
Household size = 3 -0.123∗∗∗ (0.029) -0.125∗∗∗ (0.029)
Household size ⩾ 4 -0.127∗∗∗ (0.025) -0.128∗∗∗ (0.029)
Household has a female head=1 0.295∗∗∗ (0.025) 0.295∗∗∗ (0.025)
Rent a home=1 -0.266∗∗∗ (0.021) -0.265∗∗∗ (0.021)
Live in rural area=1 0.087 (0.060) 0.039 (0.049)
Alberta 0.030 (0.032) 0.028 (0.032)
Saskatchewan 0.043 (0.047) 0.046 (0.043)
Manitoba 0.006 (0.045) 0.010 (0.039)
Ontario -0.054∗∗ (0.025) -0.063∗∗∗ (0.024)
Quebec -0.199∗∗∗ (0.024) -0.179∗∗∗ (0.028)
New Brunswick -0.156∗∗∗ (0.058) -0.175∗∗∗ (0.056)
Prince Edward Island -0.107 (0.137) -0.121 (0.112)
Nova Scotia -0.375∗∗∗ (0.043) -0.393∗∗∗ (0.042)
Newfoundland -0.332∗∗∗ (0.058) -0.350∗∗∗ (0.066)
Year 2011 -0.020 (0.030) -0.022 (0.028)
Year 2012 -0.028 (0.034) -0.033 (0.029)
Year 2013 0.005 (0.044) -0.003 (0.030)
Year 2014 0.021 (0.035) 0.013 (0.029)
Year 2015 0.070∗ (0.041) 0.054∗ (0.031)
Year 2016 0.034 (0.042) 0.014 (0.030)
Year 2017 0.045 (0.038) 0.025 (0.030)
Big 5 bank indicator -0.132∗∗∗ (0.023) -0.076∗∗∗ (0.020)
Small bank indicator -0.208∗∗∗ (0.043) -0.137∗∗∗ (0.034)
Online bank indicator -0.099∗∗ (0.039) -0.046∗ (0.024)
Desjardins credit union indicator -0.024 (0.036) -0.038 (0.024)
Constant 2.453∗∗∗ (0.090) 2.450∗∗∗ (0.084)

Observations 62,504 62,504

Standard errors are shown in parentheses. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website, Statistics
Canada.
Note: This table compares the full set of portfolio allocation coefficients from the baseline specification and the
joint MLE estimation under the alternative timing assumption.
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Table D15: Comparison of Estimated Parameters in Deposit Bank Choice: Baseline vs Joint Esti-
mation

Variables Baseline Joint Estimation

Utility from liquidity holding 1.623∗∗∗ 2.574∗∗∗

(0.147) (0.892)

Sum of expected utilities from financial products 1.364∗∗∗ 1.365∗∗∗

(0.038) (0.038)

ln(Distance to branch) -0.175∗∗∗ -0.192∗∗∗

(0.008) (0.021)

ln(Distance to branch) × Live in rural area 0.112∗∗∗ 0.125∗∗∗

(0.014) (0.033)

ln(Number of branches + 1) 0.439∗∗∗ 0.428∗∗∗

(0.010) (0.021)

ln(Number of branches + 1) × Live in rural area 0.229∗∗∗ 0.228∗∗∗

(0.021) (0.037)

Big 5 bank indicator -0.261∗∗∗ -0.278∗∗∗

(0.030) (0.051)

Small bank indicator -0.461∗∗∗ -0.446∗∗∗

(0.030) (0.076)

Online bank indicator 0.386∗∗∗ 0.349∗∗∗

(0.025) (0.058)

Desjardins credit union indicator 0.111∗∗∗ 0.162∗∗

(0.026) (0.066)

Observations 674,536 674,536
Number of choice sets 62,504 62,504

Standard errors in parentheses. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website, Statistics Canada.
Note: This table compares the full set of deposit bank choice coefficients from the baseline specification and the
joint MLE estimation under the alternative timing assumption.

Figure D16: Baseline vs Joint Estimation under Alternative Timing Assumption

(a) Aggregate CBDC share
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(b) Percentage change in aggregate deposits
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: The figure compares baseline model using expected value of liquidity holding, EV b

i,j , in deposit bank choice
with the model under the alternative timing in which εbi is observed when choosing the deposit bank. The latter
requires joint MLE estimation. Here, the CBDC is non-interest-bearing, has no interoperability, and with the big
five bank fixed effect.
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D.6 Varying Branch Network Preferences for CBDC

In this section, we relax the assumption that households value CBDC service locations in the same

way they value bank branches and allow households to value the CBDC service locations 50% less or

50% more than the way they value bank branches. This is done by multiplying the branch network

part of the household’s utility for CBDC by 0.5 and by 1.5, respectively, while keeping all the other

preference parameters and CBDC attributes unchanged. We then re-solve the counterfactuals using

the scaled household’s utility for CBDC. Figure D17 shows that when the utility from CBDC branch

network is reduced by half, the aggregate CBDC share only reaches 3.6% under the most extensive

network. By contrast, when the CBDC branch network utility increases by 50%, the aggregate

CBDC share can rise to 29.5%. This suggests that the branch network component is an important

part of the households’ utility for CBDC, which matters for the CBDC adoption.

Figure D17: Aggregate CBDC Share under Alternative CBDC Branch-Network Utility Scales

(a) Baseline vs half network utility
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(b) Baseline vs higher network utility
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure compares the baseline counterfactual with alternative counterfactual scenarios in which the
branch network terms in the CBDC utility are multiplied by 0.5 or 1.5. Here, CBDC is non-interest-bearing with
no interoperability and with a fixed effect set equal to the big five banks.
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D.7 Lowering the Weight for Credit Card in Complementarity

To account for the possibility that CBDC would reduce the usage of credit cards, this section

reports a credit card robustness exercise to reduce the fraction of credit card users ωcc by half

after CBDC issuance. This would in turn reduce the expected utility from the financial products

because ωcc is the weight on the credit card component. Figure D18 compares the baseline model

where ωcc is calibrated to 0.9 with a counterfactual scenario in which the ωcc is reduced to 0.45 for

both bank deposit products and CBDC, while leaving everything else unchanged. In both cases,

CBDC is non-interest-bearing and has no interoperability. As can be seen, the aggregate CBDC

share is higher when ωcc is halved. Intuitively, when CBDC has no interoperability, the credit card

component mainly gives incumbent banks a complementarity advantage. Reducing the weight on

this component therefore weakens the incumbent-bank advantage and makes CBDC relatively more

attractive.

Figure D18: Aggregate CBDC Share with Lower CBDC Credit Card Complementarity

0.7 1.0

6.3

8.4
8.7

11.6 11.5

15.0

0

5

10

15

Ag
gr

eg
at

e 
C

BD
C

 s
ha

re
 (%

)

No network Post offices Bank branches Branches + post offices

Baseline Fraction of credit card users halved (ωcc = 0.45)

Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure compares the baseline with an alternative counterfactual scenario in which the fraction of credit
card users is reduced from ωcc = 0.9 to 0.45, while everything else is unchanged. In both cases, the CBDC is
non-interest-bearing, has no interoperability, and its fixed effect is set equal to that of the big five banks.
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E Additional Analyses and Extensions

E.1 Heterogeneity in Rate Sensitivity by Household Income

This section studies heterogeneity in households’ deposit rate sensitivity by household income. We

allow the deposit rate sensitivity to vary by interacting the deposit rate with household income

categories (below 45k, 45–100k, and above 100k) in the portfolio allocation problem between de-

posits and cash. Following standard IV practice, since the baseline portfolio allocation problem

treats the deposit rate as endogenous, the interactions between the deposit rate and income group

indicators are also treated as endogenous. We instrument these endogenous regressors using the

baseline excluded instruments for the deposit rate and their interactions with the same income

group indicators (Wooldridge, 2002, pp. 121–122).

Table E16 shows that richer households tend to be more rate sensitive. The implied deposit

rate coefficient rises from 0.35 for the lowest income group to 0.64 for the middle income group and

1.65 for the highest income group. This pattern is consistent with recent deposit market evidence

showing that higher income, wealthier, and more financially sophisticated households are more rate

sensitive (e.g., Albertazzi et al., 2026; Cirelli and Olafsson, 2025; Narayanan and Ratnadiwakara,

2024).

We also re-estimate the deposit bank choice problem given that the new estimates from the

portfolio allocation problem will give a different expected utility from liquidity holding. We then

use these new estimates to do counterfactual analysis on CBDC. We find that while the aggregate

outcomes are similar to the baseline model without the rate heterogeneity, as shown in Figure E19,

there are interesting results on CBDC adoption and consumer surplus across different household

income groups.

Figures E20 and E21 show that who adopts more CBDC and who benefits more depend on

whether the CBDC interest rate is attractive. If CBDC pays a 1% interest rate, high-income

households tend to hold more CBDC and receive more consumer surplus gains because they are

more rate sensitive. In contrast, if CBDC is non-interest-bearing or pays a low interest rate,

then high-income households would hold less CBDC because switching from interest-bearing bank

deposits to CBDC is less attractive for them. Their consumer surplus gains, however, need not

be smaller because they benefit more from the higher equilibrium deposit rates induced by CBDC

competition.
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Table E16: Estimated Parameters in Portfolio Allocation Choice with Heterogeneous Rate Sensi-
tivity by Household Income

Dependent variable: Log of deposit-to-cash ratio coefficients se

Post-tax deposit rate 0.353 (0.303)
Post-tax deposit rate × I(Household income 45k-100k) 0.290 (0.414)
Post-tax deposit rate × I(Household income 100k+) 1.293∗∗ (0.562)
ln(Distance to branch) 0.004 (0.010)
ln(Distance to branch) × Live in rural area -0.053∗∗∗ (0.015)
ln(Number of branches + 1) 0.024∗∗∗ (0.008)
ln(Number of branches + 1) × Live in rural area -0.026 (0.017)
Dislike investing in stock market 0.019∗∗∗ (0.003)
Having difficulty in paying off debt -0.063∗∗∗ (0.003)
Behind debt obligations in the past year -0.279∗∗∗ (0.036)
Household income $15,000 - $19,999 0.182∗∗∗ (0.053)
Household income $20,000 - $24,999 0.288∗∗∗ (0.052)
Household income $25,000 - $29,999 0.339∗∗∗ (0.052)
Household income $30,000 - $34,999 0.473∗∗∗ (0.049)
Household income $35,000 - $44,999 0.457∗∗∗ (0.046)
Household income $45,000 - $54,999 0.455∗∗∗ (0.053)
Household income $55,000 - $59,999 0.491∗∗∗ (0.057)
Household income $60,000 - $69,999 0.492∗∗∗ (0.054)
Household income $70,000 - $99,999 0.558∗∗∗ (0.052)
Household income $100,000 - $149,999 0.560∗∗∗ (0.057)
Household income ⩾ $15,000 0.608∗∗∗ (0.061)
Grade 9-13 0.093 (0.057)
Community College 0.142∗∗ (0.058)
Diploma 0.230∗∗∗ (0.057)
Undergraduate 0.388∗∗∗ (0.058)
Post-graduate 0.499∗∗∗ (0.061)
Household head age 35–44 -0.225∗∗∗ (0.031)
Household head age 45–54 -0.332∗∗∗ (0.029)
Household head age 55–64 -0.291∗∗∗ (0.027)
Household head age ⩾ 65 -0.080∗∗∗ (0.028)
Household size = 2 -0.083∗∗∗ (0.021)
Household size = 3 -0.124∗∗∗ (0.029)
Household size ⩾ 4 -0.127∗∗∗ (0.029)
Household has a female head=1 0.296∗∗∗ (0.025)
Rent a home=1 -0.266∗∗∗ (0.021)
Live in rural area=1 0.088∗ (0.053)
Alberta 0.028 (0.032)
Saskatchewan 0.043 (0.043)
Manitoba 0.006 (0.039)
Ontario -0.055∗∗ (0.024)
Quebec -0.199∗∗∗ (0.033)
New Brunswick -0.157∗∗∗ (0.056)
Prince Edward Island -0.110 (0.112)
Nova Scotia -0.376∗∗∗ (0.042)
Newfoundland -0.335∗∗∗ (0.066)
Year 2011 -0.020 (0.028)
Year 2012 -0.027 (0.029)
Year 2013 0.006 (0.030)
Year 2014 0.022 (0.029)
Year 2015 0.072∗∗ (0.032)
Year 2016 0.036 (0.032)
Year 2017 0.048 (0.032)
Big 5 bank indicator -0.131∗∗∗ (0.026)
Small bank indicator -0.204∗∗∗ (0.049)
Online bank indicator -0.100∗∗ (0.042)
Desjardins credit union indicator -0.024 (0.044)
Constant 2.479∗∗∗ (0.090)

Observations 62,504

Robust standard errors in parentheses. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada website,
Statistics Canada.
Note: This table reports the full set of coefficients from the portfolio allocation problem. Following
standard IV practice, the interactions between the deposit rates and the income-group indicators
are also treated as endogenous. They are instrumented using the baseline excluded instruments in-
teracted with the same income group indicators (Wooldridge, 2002, pp. 121–122). “Observations”
refers to the number of household-year observations from 2010 to 2017.
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Figure E19: Aggregate CBDC Share: Baseline vs. Income-Specific Rate Sensitivity
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(b) CBDC rate = 1%
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure compares aggregate CBDC share under the baseline model and the alternative model with income-
specific deposit rate sensitivity. Here, the CBDC has no interoperability and has a fixed effect that is equal to that
of the big five banks.

Figure E20: Aggregate CBDC Share by Household Income Group across CBDC Designs
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(b) CBDC rate = 1%
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure reports aggregate CBDC share by household income group under the alternative model that allows
deposit rate sensitivity to vary by household income, across the four CBDC designs that vary service location (no
network vs. Canada Post offices) and interoperability (no interoperability vs. Big Five interoperability at ι = 0.5).
Panel (a) reports a non-interest-bearing CBDC and panel (b) reports a CBDC paying 1 percent. Here, the CBDC
fixed effect is set to equal to that of the big five banks.
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Figure E21: Change in Consumer Surplus by Household Income Group across CBDC Designs

(a) CBDC rate = 0
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure compares the change in consumer surplus across household income groups under the alternative
model specification that allows deposit rate sensitivity to vary by household income, across the four CBDC designs
that vary service location (no network vs. Canada Post offices) and interoperability (no interoperability vs. Big
Five interoperability at ι = 0.5). Panel (a) reports a non-interest-bearing CBDC and panel (b) reports a CBDC
paying 1 percent. Here, the CBDC fixed effect is set to equal to that of the big five banks.

49



E.2 Heterogeneity in Preferences for Branch Networks by Age

Our baseline setup assumes that households of different ages value CBDC service locations or bank

branches equally. However, younger generations, who tend to be more technologically savvy, may

value bank branches less than older generations. We therefore re-estimate the model allowing

branch network preferences to vary with household-head age and use the estimates to study three

implications: whether age heterogeneity changes the aggregate CBDC counterfactuals, how it redis-

tributes CBDC adoption and consumer surplus gains across age groups, and how CBDC outcomes

would change in a future scenario in which all households have the branch network preferences of

today’s young households.

Table E17 reports deposit bank choice estimates that allow preferences for branch networks to

vary by age. As expected, older households place greater value on branch network access when

choosing their deposit banks.1 Using these estimates in the CBDC counterfactual has little effect on

aggregate outcomes: Figure E22 shows aggregate CBDC adoption and aggregate deposits remain

close to the baseline results across service location designs.

However, the age interactions give interesting distributional patterns. Figure E23 shows that

older households adopt more CBDC and gain more consumer surplus when CBDC provides service

locations, reflecting their stronger preference for branch access. Conversely, younger households

adopt more and gain more when CBDC has no service locations, because they are less affected by

the absence of an in-person service network.

Finally, Figure E24 considers a forward-looking scenario in which the estimated branch network

preferences of the youngest households, those below age 35, are applied to all households. This

exercise captures a case in which future households place less value on in-person service locations.

In this scenario, the CBDC service network matters less: the aggregate CBDC share is higher when

there is no service network and lower when there is an extensive network of service locations.

1We find the interaction terms between the branch network measures and the household age categories are less
important for the bank choices for other financial products or in the allocation between cash and deposits.
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Table E17: Deposit Bank Choice Allowing Preferences for Branch Networks to Vary by Age

Variables Coefficient

Expected utility from liquidity holding 1.598∗∗∗

(0.148)

Sum of expected utilities from financial products 1.363∗∗∗

(0.038)

ln(Distance to branch) -0.094∗∗∗

(0.017)

ln(Distance to branch) × Live in rural area 0.117∗∗∗

(0.014)

ln(Number of branches + 1) 0.375∗∗∗

(0.021)

ln(Number of branches + 1) × Live in rural area 0.211∗∗∗

(0.021)

ln(Distance to branch) × Age 35–44 -0.019
(0.023)

ln(Distance to branch) × Age 45–54 -0.042∗∗

(0.021)

ln(Distance to branch) × Age 55–64 -0.116∗∗∗

(0.019)

ln(Distance to branch) × Age 65+ -0.136∗∗∗

(0.019)

ln(Number of branches + 1) × Age 35–44 -0.062∗∗

(0.028)

ln(Number of branches + 1) × Age 45–54 0.060∗∗

(0.027)

ln(Number of branches + 1) × Age 55–64 0.116∗∗∗

(0.026)

ln(Number of branches + 1) × Age 65+ 0.234∗∗∗

(0.026)

Big 5 bank indicator -0.271∗∗∗

(0.030)

Small bank indicator -0.456∗∗∗

(0.030)

Online bank indicator 0.403∗∗∗

(0.025)

Desjardins credit union indicator 0.102∗∗∗

(0.026)

Observations 674,536
Number of choice sets 62,504

Robust standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Gov-
ernment of Canada website, Statistics Canada.
Note: The table shows the estimated parameters from conditional lo-
gistic regressions of deposit bank choice on expected utility from liq-
uidity holding EṼ b

i,j , the sum of expected utilities from financial prod-

ucts
∑

k∈K ωkEV k
i,j , branch network measures, their interactions with

the rural indicator, their interactions with household-head age cate-
gories, and grouped bank fixed effects. The omitted age category is
households with heads below age 35. “Number of choice sets” denotes
household-year choice sets, while “Observations” is the total number
of bank alternatives across those choice sets.
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Figure E22: Allowing Preferences for Branch Network to Vary by Age

(a) Aggregate CBDC share
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure compares the aggregate CBDC share and percentage change in aggregate deposits in the baseline
model with those in an alternative model that allows preferences for branch networks to vary by age. In both cases,
CBDC is non-interest-bearing, with no interoperability, and has a fixed effect is identical to that of the big five banks.

Figure E23: Aggregate CBDC Share and Change in Consumer Surplus by Household Age Group
across CBDC Designs
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure reports aggregate CBDC share and the change in consumer surplus, in basis points, by household
head age group under the alternative model that allows preferences for branch networks to vary by age, across
the four CBDC designs that vary service location (no network vs. Canada Post offices) and interoperability (no
interoperability vs. Big Five interoperability at ι = 0.5). Here, the CBDC fixed effect is set to equal to that of the
big five banks.
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Figure E24: Applying Young Households’ Preferences for Branch Network to All

(a) Aggregate CBDC share
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada.
Note: This figure compares the aggregate CBDC share and the percentage change in aggregate deposits between the
baseline model and an alternative model with age-specific branch network preferences. In the alternative model, the
branch network preference of households under age 35 is applied to all households in the counterfactual analysis. In
both models, the CBDC is non-interest-bearing, has no interoperability, and has a fixed effect equal to that of the
big five banks.
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E.3 Incorporating Payment Characteristics

This section conducts an extension that incorporates five payment characteristics: ease of use, cost,

security, anonymity and budgeting usefulness by merging the CFM survey with the Methods-of-

Payment (MOP) survey for the small subset of households that answered both surveys. Specifically,

we use the MOP survey information on individuals’ ratings for ease of use, cost, and security of

existing payment instruments, such as debit cards and cash, and their ratings for how important

they think anonymity and budgeting usefulness is for payments. Using this small merged sample, we

re-estimate the model with these payment characteristics incorporated into the portfolio allocation

problem between deposits and cash. Below, we explain how we measure these features in more

details.

Table E18 shows that security, anonymity, and budgeting usefulness matter more than the other

payment features for households’ allocation of endowed liquid assets between deposits and cash.

Figure E25 shows that incorporating these payment features can significantly increase the CBDC

share. For example, under the best payment features, in which the CBDC receives the highest

survey rating for each payment feature for every household, the aggregate CBDC share reaches

23% under an extensive service location network, even for a non-interest-bearing CBDC with no

interoperability.

Measurement of payment features. For cost, ease of use, and security, we use respondents’

payment instrument ratings from the MOP survey. For each feature, respondents rate cash, debit

cards, and credit cards on a five-point Likert scale. The cost question asks how costly each instru-

ment is or would be to use, taking fees and interest payments into account. The ease-of-use and

security questions ask how easy or hard, and how risky or secure, each instrument is or would be

to use. We use debit card ratings to proxy for the payment features of deposits.2 In the portfolio

allocation between deposits and cash, only the relative feature difference matters. Thus, the debit

card feature relative to cash in Table E18 is measured as the standardized debit card rating minus

the standardized cash rating. As shown in Table E18, if households perceive deposits to be more

secure to use than cash, then they would hold more deposits relative to cash.

The MOP ratings for anonymity and budgeting usefulness are not instrument-specific. The

survey asks respondents to rate, on a scale from one to seven, how important anonymity and

budgeting usefulness are when choosing a payment method. To map these preferences into utility

differences across instruments, we set the feature value to one for cash and zero for deposits for

both anonymity and budgeting usefulness. This normalization reflects that cash payments do not

require users to reveal identifying information or leave transaction records that can be used to infer

identity. Cash may also help with budgeting by making remaining balances salient or by serving as

a commitment device to limit spending (e.g., von Kalckreuth, Schmidt and Stix, 2014; Hernandez,

2Following Arango, Huynh and Sabetti (2015), we standardize each respondent’s ratings by their total rating
across cash, debit cards, and credit cards for the same feature. For example, a respondent who rates cash, debit
cards, and credit cards as 5, 2, and 2 for ease of use has a standardized cash rating of (5/9). This respondent therefore
perceives cash to be relatively easier to use than someone who assigns a rating of 5 to all three instruments.
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Jonker and Kosse, 2017). The estimated coefficients from the deposits-to-cash allocation problem

in Table E18 therefore capture how the utility difference between cash and deposits varies with the

importance attached to these features. As expected, households that place greater importance on

anonymity and budgeting usefulness hold fewer deposits relative to cash.

Table E18: Portfolio Allocation Choice: Baseline vs. With Payment Characteristics

Variables Baseline With payment features

Post-tax deposit rate 0.714∗∗∗ 1.551∗∗

(0.269) (0.739)

Importance of budgeting usefulness -0.057∗∗∗

(0.016)

Importance of anonymity -0.044∗∗

(0.019)

Debit-card ease relative to cash 0.568
(0.432)

Debit-card cost relative to cash -0.048
(0.196)

Debit-card security relative to cash 0.433∗

(0.233)

ln(Distance to branch) 0.004 0.102∗∗∗

(0.011) (0.038)

ln(Distance to branch) × Live in rural area -0.053∗∗∗ -0.197∗∗∗

(0.016) (0.063)

ln(Number of branches + 1) 0.024∗∗∗ 0.052∗

(0.009) (0.031)

ln(Number of branches + 1) × Live in rural area -0.026 -0.096
(0.017) (0.066)

Observations 62,504 4,493
Olea-Pflueger effective F 59.78 81.69
Olea-Pflueger 10% effective F critical value 16.96 16.68

Standard errors in parentheses are clustered at the bank-year level.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada web-
site, the 2013 Methods-of-Payment survey, Statistics Canada.
Note: This table reports estimates from the baseline portfolio allocation problem and from
an alternative specification that adds five payment characteristics using a smaller sample
merged with the Methods-of-Payment survey. The dependent variable is the log of the
deposit-to-cash ratio. The deposit rate is instrumented using bank indicators interacted
with the policy rate. “Observations” refers to household-year observations.
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Figure E25: Aggregate CBDC Share under Alternative Model with Payment Characteristics
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, the 2013 Methods-of-
Payment survey, Statistics Canada.
Note: This figure reports aggregate CBDC shares under the alternative model with payment characteristics (i.e.,
ease of use, cost, security, anonymity and budgeting usefulness) using the smaller merged sample with MOP survey.
Within each service location design, the bars compare four different CBDC payment characteristics counterfactuals:
worst features, deposit-like, cash-like, and best features. For example, “best features” refer to the counterfactual
scenario where the CBDC receives the highest survey rating for each payment feature from every household. Here,
CBDC is non-interest-bearing, with no interoperability, and has a fixed effect equal to that of the big five banks.
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E.4 Incorporating Issuer Quality

In this extension, we incorporate a direct proxy for issuer quality in the deposit bank choice problem.

We use the J.D. Power Canada Retail Banking Satisfaction Study score from 2010–2017, which

is an overall customer satisfaction index for retail banks capturing seven factors: product, self-

service, personal service, facilities, communication, financial advisor, and problem resolution. We

then re-estimate the model and calibrate the corresponding CBDC issuer quality measure in the

counterfactual analysis.

Table E19 shows that households are more likely to choose issuers with higher measured satisfac-

tion. The branch network and complementarity coefficients remain economically and statistically

important, so adding measured issuer quality does not eliminate the main mechanisms in the model.

For the counterfactual analysis, the CBDC does not have an observed satisfaction score, so we

need to calibrate its issuer quality score. For simplicity of interpretation, we set the CBDC score

to 820 (on a 1,000-point scale), the maximum observed score for banks in 2017, as shown in Figure

E26. Figure E27 shows that the aggregate equilibrium outcomes are similar to the baseline model

and are slightly higher.

Figure E26: Bank Customer Satisfaction Scores over Time.

745

820

759

650

700

750

800

850

C
us

to
m

er
 s

at
is

fa
ct

io
n 

sc
or

e

2010 2011 2012 2013 2014 2015 2016 2017

Year

BMO CIBC HSBC Tangerine
Laurentian National Bank PC Financial RBC
Scotiabank TD ATB Financial

Data source: J.D. Power Customer Satisfaction Score for Canadian Retail Banking.
Note: The figure plots annual bank-level customer satisfaction scores used to measure issuer quality. The three
numeric labels identify the 2017 minimum, median, and maximum scores among banks.
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Table E19: Estimated Parameters in Deposit Bank Choice with Issuer Quality

Variables Baseline With issuer quality

Expected utility from liquidity holding 1.623∗∗∗ 1.639∗∗∗

(0.147) (0.155)

Sum of expected utilities from financial products 1.364∗∗∗ 1.866∗∗∗

(0.038) (0.041)

Customer satisfaction score 0.012∗∗∗

(0.000)

ln(Distance to branch) -0.175∗∗∗ -0.132∗∗∗

(0.008) (0.009)

ln(Distance to branch) × Live in rural area 0.112∗∗∗ 0.119∗∗∗

(0.014) (0.015)

ln(Number of branches + 1) 0.439∗∗∗ 0.400∗∗∗

(0.010) (0.010)

ln(Number of branches + 1) × Live in rural area 0.229∗∗∗ 0.224∗∗∗

(0.021) (0.021)

Big 5 bank indicator -0.261∗∗∗ -0.359∗∗∗

(0.030) (0.029)

Small bank indicator -0.461∗∗∗ -0.333∗∗∗

(0.030) (0.031)

Online bank indicator 0.386∗∗∗ -0.204∗∗∗

(0.025) (0.031)

Desjardins credit union indicator 0.111∗∗∗ -0.000
(0.026) (0.026)

Observations 674,536 674,536
Number of choice sets 62,504 62,504

Robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Data sources: CFM 2010–2017, CANNEX 2010–2017, FCAC, Government of Canada web-
site, J.D. Power Canada Retail Banking Satisfaction Study scores, Statistics Canada.
Note: This table compares the deposit bank choice coefficients under the baseline model and
the alternative model that adds issuer (bank) satisfaction. “Number of choice sets” refers to
household-year choice sets, while “Observations” also counts the number of bank alternatives
within each choice set.
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Figure E27: Aggregate Outcomes under Alternative Model with Issuer Quality

(a) Aggregate CBDC share

0.7 1.0

6.3 6.7

8.7
9.6

11.5 11.8

0

5

10

15

Ag
gr

eg
at

e 
C

BD
C

 s
ha

re
 (%

)

No service location Post offices Bank branches Branches + post offices

Baseline With issuer quality (CBDC score calibrated to 820)

(b) Change in aggregate deposits

-0.7 -1.1

-6.6 -6.9

-9.1
-10.0

-11.9 -12.2

-15

-10

-5

0

C
ha

ng
e 

in
 a

gg
re

ga
te

 d
ep

os
its

 (%
)

No service location Post offices Bank branches Branches + post offices

Baseline With issuer quality (CBDC score calibrated to 820)

Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, J.D. Power Canada
Retail Banking Satisfaction Study scores, Statistics Canada.
Note: Both panels set the CBDC satisfaction score to 820, the maximum observed bank score. The left panel
reports the aggregate CBDC share, and the right panel reports the percentage change in aggregate deposits.
Both panels compare the model with issuer quality to the baseline counterfactual for a non-interest-bearing
CBDC with no interoperability and a fixed effect equal to that of the big five banks.
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E.5 Introducing Central Bank Objective Function

In the baseline counterfactuals, we treat CBDC remuneration rate as an exogenous policy, which is

consistent with current CBDC proposals that specify remuneration as part of the policy design and

a non-interest-bearing CBDC is often considered. In this section, we extend the counterfactuals by

considering how the CBDC rate would be set under two different central bank objectives: profit

maximization and cost recovery. The cost recovery case reflects the possibility that a central bank

provides CBDC as public payment infrastructure while avoiding persistent losses. In both cases,

we impose that the CBDC rate cannot be negative. The optimal CBDC interest rate in these two

exercises range from 0% to slightly above 1%, which is roughly in line with the range considered in

the paper.

To study the endogenous rate-setting by the central bank, we first need to set up the central

bank’s objective function and calibrate the return on assets, marginal cost and fixed cost. Let

rA denote the return on assets backing the CBDC, rcbdc the CBDC rate, mccbdc the marginal

operating cost, F the fixed cost of building the CBDC infrastructure, and dcbdc(rcbdc, r) aggregate

CBDC holdings. We calibrate rA to 1.59%, calculated as interest revenue on investments divided by

holdings of Government of Canada bonds and treasury bills, using data from the Bank of Canada’s

2017 Annual Report. The central bank’s net profit is

ΠCB(rcbdc, r) =
(
rA − rcbdc −mccbdc

)
dcbdc(rcbdc, r)− F.

For simplicity, we set mccbdc = 0 because the marginal cost of supplying an additional dollar of

CBDC balances is negligible once the infrastructure is in place. Fixed cost F only matters under the

cost recovery case, where we calibrate using the development cost for digital euro (i.e., 1.3 billion

EUR ≈ 2.07 billion CAD). Suppose this development cost is recovered over 10 years, the implied

annual fixed cost is about 207 million CAD. We look at different values of fixed cost, ranging from

100 million CAD to 300 million CAD in the cost recovery case below.

Under the profit maximization objective, the central bank endogenously chooses its CBDC

rate to maximize its profit. We solve for a simultaneous Nash equilibrium in which banks choose

deposit rates to maximize profits and the central bank chooses the CBDC rate to maximize net

profit, each taking the other institutions’ rates as given. Figure E28 compares the equilibrium

outcomes with the baseline model for a non-interest-bearing CBDC. As can be seen, the aggregate

CBDC shares are very similar to the baseline model because the optimal CBDC rate is positive

only for the no service location design, about 13 basis points, and is at the zero lower bound for the

broader service location networks. The reason is that CBDC demand is not elastic enough with

respect to the CBDC rate for the central bank to profitably pay a high rate. Raising the CBDC

rate increases CBDC demand, but the additional demand is not large enough to offset the lower

spread on all CBDC balances, especially when CBDC is attractive along the non-rate dimensions.

This is consistent with our finding that non-rate design features, such as service locations and

interoperability, are important for CBDC demand.
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We also consider a cost recovery objective because central banks may aim to provide CBDC

as a public payment infrastructure, rather than maximizing profits. In this case, the central bank

chooses the highest CBDC rate consistent with nonnegative net profit. Tables E20 and E21 show

that cost recovery is easier when the CBDC has a broader service location network. With no service

location network, no nonnegative CBDC rate recovers even CAD 100 million in fixed cost. With

broader networks, stronger CBDC demand allows the central bank to spread the fixed cost over

a larger CBDC base, so it can sustain higher CBDC rates and higher CBDC shares while still

breaking even.

Figure E28: Equilibrium Outcomes with Profit-maximizing CBDC Rate
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Note: Panel (a) compares the baseline model for a non-interest-bearing CBDC with the counterfactual in which the
central bank chooses the CBDC rate to maximize net profit. Panel (b) reports the optimal CBDC rate, in basis
points. The CBDC fixed effect is set equal to the big five bank fixed effect.

Table E20: Cost-recovery CBDC Rate

Fixed cost No service location Post offices Bank branches Branches + post offices

CAD 100m n.a. 1.10 1.27 1.34
CAD 200m n.a. n.a. 0.71 0.99
CAD 300m n.a. n.a. n.a. 0.27

Note: Cells report the CBDC rate, in percentage points, that recovers the stated annual fixed cost under a given
design of service location network. Here, CBDC is assumed to have no interoperability, and has a fixed effect equal
to that of the bank five banks. n.a. indicates that no nonnegative CBDC rate recovers the given fixed cost.

E.6 Introducing Complementarity into Bank’s Problem

This section shows a richer bank’s problem on the supply side that allows deposit relationships to

generate profits from other financial products. The purpose is to clarify how the complementarity

emphasized on the household’s demand side can also affect the bank’s problem.

Specifically, we allow banks to generate profits both through deposit balances and through
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Table E21: Aggregate CBDC Share under Cost-recovery CBDC Rate

Fixed cost No service location Post offices Bank branches Branches + post offices

CAD 100m n.a. 12.0 18.5 23.5
CAD 200m n.a. n.a. 13.4 19.7
CAD 300m n.a. n.a. n.a. 13.3

Note: Cells report the aggregate CBDC share, in percent, evaluated at the cost-recovery CBDC rate under
the given fixed cost and the service location design. Here, CBDC is assumed to have no interoperability, and
has a fixed effect equal to that of the bank five banks. n.a. indicates that no nonnegative CBDC rate recovers
the given fixed cost.

broader customer relationships:

Πj(rj , r−j) = (rlj − rj −mcDj )Dj(rj , r−j) + aPj(rj , r−j),

where Dj is expected deposit balances, Pj is the expected number of deposit customers, and a

is the annual net profit from each additional customer relationship. Both terms are measured in

dollars: (rl− rj −mcDj )Dj is net revenue from deposit balances, and aPj is relationship profit from

deposit customers. This specification allows the bank to value customer relationships separately

from deposit balances.

The first-order condition is

(rlj − rj −mcDj )
∂Dj(rj , r−j)

∂rj
−Dj(rj , r−j) + a

∂Pj(rj , r−j)

∂rj
= 0. (E26)

The new term, a ∂Pj/∂rj captures the marginal relationship profit: when bank j raises its deposit

rate, it attracts ∂Pj/∂rj additional deposit customers, and each of them contributes a in profits

from other financial products.

With this additional marginal relationship profit, banks have stronger incentives to raise deposit

rates in order to attract more customers than in the baseline case without such profits. Therefore,

to rationalize the same observed deposit rate, the recovered primitive marginal cost mcDj must be

higher. Consistent with this intuition, Figure E29 shows that the recovered marginal cost is higher

when a is set to 200 Canadian dollars per customer.

We then recompute the CBDC counterfactuals under this alternative bank problem using a =

200 CAD. Table E22 provides a rough benchmark for this value using publicly available 2017 annual

reports of the six largest banks. Dividing each bank’s retail segment net income by its reported

number of customers gives approximately CAD 220–443 per customer, which includes net income

from both the deposits and the other financial products. Subtracting the deposit component would

therefore yield a lower estimate of net income per customer from the other products.

Figure E30 shows that aggregate CBDC shares are almost unchanged when we compare the

baseline case a = 0 with this alternative bank problem under a = 200. Figure E31 shows that the

bank-level deposit rates and deposits also change little. This is because the recalibration of marginal
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cost absorbs the level effect of adding relationship profits. Intuitively, adding the relationship profit

term makes an additional customer relationship more valuable to banks and, by itself, would lead

banks to offer higher deposit rates. However, the marginal costs would need to be recalibrated

to match the observed pre-CBDC equilibrium deposit rates. After the recalibration, the CBDC

counterfactual differs from the baseline only if CBDC changes the marginal value of a rate increase,

summarized by
∂Pj/∂rj
∂Dj/∂rj

. This ratio measures how many additional customer relationships a bank

gains per additional dollar of deposits when it raises its deposit rate. In the counterfactuals, this

customer-per-deposit margin remains close to its pre-CBDC value. As a result, the relationship

profit term mainly changes the calibrated marginal cost needed to match the initial equilibrium,

rather than changing banks’ deposit rate incentives in response to CBDC.

Figure E29: Comparing Marginal Cost under a = 0 and a = 200
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure compares the marginal cost mcDj recovered under the alternative bank problem when the
relationship profit parameter is a = 0 (baseline) versus a = 200.
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Table E22: Annual-Report Data for Benchmarking Relationship Profit Per Customer

Bank Business segment
Retail net
income

(CAD mn)

Approx.
Customers

(mn)

Canadian-dollar
deposits
(CAD bn)

RBC Personal & Commercial Banking 5,755 13.0 195.7
TD Canadian Personal & Commercial Banking 6,525 15.0 184.4
BMO Canadian Personal & Commercial Banking 2,512 8.0 152.5
Scotiabank Canadian Banking (includes Wealth Manage-

ment)
4,064 10.0 233.3

CIBC Canadian Personal & Small Business Banking 2,420 11.0 162.9
National Bank Personal & Commercial Banking 925 2.5 54.3

Data sources: Annual reports on banks’ websites in 2017
Notes: The table reports hand-collected data from each selected bank’s 2017 annual report. Business seg-
ment and deposit definitions differ slightly across banks: RBC uses Canadian banking deposits, including
GIC balances; TD uses retail and small business deposits; BMO, Scotiabank, CIBC, and National Bank
report the average deposits under the given business segment.

Figure E30: Aggregate CBDC Share under a = 0 and a = 200
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure compares aggregate CBDC shares across service location network designs under the alternative
bank problem when the relationship profit parameter is set to a = 0 (baseline) versus a = 200. The CBDC is
non-interest-bearing, with no interoperability, and has a fixed effect equal to that of the big five banks.
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Figure E31: Bank-Level Deposit and Deposit Rate Responses under a = 0 and a = 200
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(b) Deposit rates
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure compares bank-level changes in deposits and deposit rates under the alternative bank problem
when the relationship profit parameter is set to a = 0 (baseline) versus a = 200.
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E.7 Extension: Stablecoins

This section explains how our framework can be used to inform stablecoin discussions. Specifically,

we replace CBDC with a stablecoin in our counterfactuals as the new digital money alternative.

On the household demand side, each household chooses between bank deposits and a stablecoin.

Conditional on choosing the stablecoin, the household then allocates its endowed liquid assets

between stablecoin balances and cash. Similar to CBDC, stablecoin is a new product of different

attributes. We assume the stablecoin has an interest rate that is chosen by the stablecoin issuer

subject to regulatory constraints, has no service location network and no interoperability with

incumbent banks, and has a fixed effect assumed to equal to the estimated fixed effect for online

banks.

The main differences from CBDC are on the supply side. First, unlike CBDC, a stablecoin

issuer is private and chooses a yield rs subject to regulation, rather than taking remuneration as

an exogenous central bank policy choice. In our exercise below, a zero-yield cap corresponds to

regulations that prohibit stablecoin issuers from paying interest to users, while the no-cap case lets

the issuer compete with banks on remuneration.

Second, stablecoins are liabilities of private issuers, backed by a regulated reserve asset portfolio.

Since bank deposits are one type of eligible reserve asset, part of the funds flowing into stablecoins

can return to banks as issuer reserve deposits. In the exercise below, we assume the stablecoin issuer

allocates a share ρD of reserves to deposits at incumbent banks and the remaining share (1−ρD) to

short-term government securities earning rg. We assume that this share ρD of reserves is allocated

between the incumbent banks in proportion to their equilibrium demand for retail deposits.

Stablecoin Issuer’s Objective. The stablecoin issuer earns a return on reserves and pays the

user yield rs and marginal cost mcs. The stablecoin issuer chooses rs to maximize the profit subject

to the regulatory yield cap r̄s:

max
rs≤r̄s

πs(rs; r) =
[
(1− ρD)rg + ρDrD(r)− rs −mcs

]
S(rs, r),

where S(rs, r) is the stablecoin demand and rD(r) =
∑

j ωj(r)rj is the endogenous deposit-weighted

average of bank deposit rates earned on deposits-backed reserves, with weights ωj(r) proportional to

banks’ equilibrium deposit demand. We calibrate rg = 2.58%, the average three-month Government

of Canada Treasury bill yield in 2025, and set mcs = 0 for simplicity of interpretation. A higher rs

attracts more users, but it lowers the issuer’s margin per unit of stablecoin outstanding. A higher

ρD recycles more stablecoin balances back into banks, and it changes the issuer’s asset return

because bank deposits need not pay the same rate as government securities.

The bank’s problem is similar to the baseline model, except that retail deposit demand is re-

placed by an effective funding base that also includes the bank’s proportional share of the stablecoin

issuer’s reserve deposits. Banks choose deposit rates under Bertrand-Nash competition with the

stablecoin issuer. A higher bank deposit rate now affects the bank’s funding base through two
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channels: it changes households’ substitution between deposits and stablecoins, and it affects the

reserve deposits that the stablecoin issuer puts back to the banking sector.

Counterfactual results. Figure E32 shows that the effect of stablecoins on bank deposits de-

pends on both the yield cap and the share of stablecoin reserves held as bank deposits, ρD. A higher

ρD attenuates deposit outflows through two channels. First, it tends to lower the issuer’s reserve

return, reducing the yield offered to users and therefore stablecoin demand. Second, a larger share

of stablecoin reserves flows back to banks as issuer deposits. For example, without a yield cap,

increasing ρD from 0 to 0.30 lowers the optimal stablecoin yield from about 1.1% to 0.35% and

reduces the decline in aggregate bank funding from about 3.1% to 1.3%.

The figure also shows that a higher stablecoin yield increases the crowding out of deposits.

When ρD = 0, a zero-yield cap leads to an aggregate bank funding decline of about 1.5%. Without

a cap, the issuer optimally offers a yield above 1%, raising stablecoin demand and increasing the

decline in aggregate bank funding to about 3.1%.

Figure E32: Stablecoin Yield and Change in Deposits under Different Regulatory Designs
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Note: This figure reports equilibrium outcomes when introducing a stablecoin with no service location, no interop-
erability, and a fixed effect that is equal to that of the online banks. The three bar groups set the bank-deposit
reserve share to ρD = 0, 0.15, and 0.30. Within each group, the light bar imposes a zero-yield cap, while the dark
bar imposes no cap and lets the issuer optimally choose the stablecoin yield.
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E.8 Extension: Holding Both CBDC and Deposits

Under this model extension, if a household used to have J banks in the choice set, they will have

(2J+1) options after a CBDC is introduced. Compared to the baseline setup, the additional options

include choosing a combination of the CBDC and one of the existing banks. The household’s utility

from choosing an option j is

V f
i,j = θEV b

i,j + ϕ
∑
k∈K

ωkEV k
i,j +Xi,jβ

f + ηfj + εfi,j . (E27)

If a household chooses an existing bank or the CBDC alone, (E27) is calculated based on the

attributes of that specific bank or the CBDC. However, if a household chooses to hold a combination

of bank deposits and the CBDC, we need to make assumptions on the attributes of this product

bundle. In particular, we assume their expected value from other financial products EV k
i,j takes on

the higher value between the two, which is equivalent to the value they would receive if they chose

the bank deposits alone. Similarly, we assume the branch network Xi,j will take the value of the

better option between the two, and the fixed effect ηfj will also take the higher value of the two.

Below, we explain how we calculate EV b
i,j when j is the product bundle of bank deposits and the

CBDC. We also discuss how EV b
i,j changes when there is a holding limit on CBDC.

Value from Liquid Asset Portfolios (Without Holding Limit). If a household chooses a

product bundle j that consists of both the CBDC and the deposits from bank h, we set the per

dollar value to u∗ = max(ui,h, ui,cbdc). The household’s expected value from liquidity holding is

EV b
i,j , where

V b
i,j =

{
max
ci,j ,di,j

ln
[
cσi,j + (u∗di,j)

σ] 1
σ

}
st ci,j + di,j = wi,

and di,j denotes the digital balance. If the per-dollar value of deposits ui,h is higher than ui,cbdc,

the household will store all the digital balance in deposits and vice versa. So the digital balance is

di,j =



u
σ

1−σ
i,h

1+u
σ

1−σ
i,h

wi if ui,cbdc ⩽ ui,h

u
σ

1−σ
i,cbdc

1+u
σ

1−σ
i,cbdc

wi if ui,cbdc > ui,h

(E28)

and the cash balance in each case is ci,j = wi − di,j .

Value from Liquid Asset Portfolios (With Holding Limit). If there is a holding limit on

CBDC, a household’s expected utility from liquidity holding is EV b
i,j , where

V b
i,j = max

ci,j ,di,j
ln
[
cσi,j +Dσ

i,j

] 1
σ st ci,j + di,j = wi, (E29)
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and Di,j represents the total value from the digital balance when the product bundle j consists of

both the CBDC and bank-h deposits:

Di,j =


ui,cbdcd̄cbdc + ui,h(di,j − d̄cbdc) if ui,cbdc > ui,h & di,j > d̄cbdc

ui,cbdcdi,cbdc if ui,cbdc > ui,h & di,j ⩽ d̄cbdc

ui,hdi,h if ui,cbdc ⩽ ui,h

(E30)

and ui,h refers to the per-dollar value of the bank-h deposits and di,j refers to the digital balance.

If ui,cbdc ⩽ ui,h, the household puts all digital balance in deposits, so di,j = di,h and Di,j = ui,hdi,h.

If ui,cbdc > ui,j & di,j ⩽ d̄cbdc, then the solution is also identical to the case without the holding

limit and di,j = di,cbdc. However, if ui,cbdc > ui,j & di,j > d̄cbdc, the utility from liquidity holding

would be different. Specifically, divide the FOC wrt ci,j by the FOC wrt di,j to get

cσ−1
i,j

(ui,cbdcd̄cbdc + ui,h(di,j − d̄cbdc))σ−1ui,h
= 1 (E31)

Rearrange to get

ci,j = u
σ

σ−1

i,h d̄cbdc

(
ui,cbdc
ui,h

− 1

)
+ u

σ
σ−1

i,h di,j (E32)

Hence, the cash-to-digital balance ratio is:

ci,j
di,j

= u
σ

σ−1

i,h (
ui,cbdc
ui,h

− 1)
d̄cbdc
di,j

+ u
σ

σ−1

i,h (E33)

Substitute into the budget constraint and rearrange to get

di,j =
u

σ
1−σ

i,h wi − (
ui,cbdc

ui,h
− 1)d̄cbdc

1 + u
σ

1−σ

i,h

(E34)

Hence, the amount of cash holding is ci,j = wi − di,j and the amount of deposit holding di,h is

(di,j − d̄cbdc).
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Figure E33: Allowing Households to Hold Both CBDC and Deposits
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Data sources: CFM 2017, FCAC 2017, Canada Post 2021, Government of Canada website, Statistics Canada
Note: This figure compares the baseline model with an extension in which households can hold both deposits and
CBDC. In each case, CBDC is non-interest-bearing, with no interoperability, and has a fixed effect equal to that of
the big five banks.
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