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Abstract

We study whether a bank’s internal capital market allocates capital efficiently
across branches. Using a large-scale randomized pricing experiment on approx-
imately 50,000 loan applications, we identify the marginal return on capital for
each branch group—the change in profit per dollar of capital reallocated. We
cannot reject the null that total lending scale is optimal, but we reject equalized
marginal returns across branch groups (p=0.002): marginal returns are substan-
tially dispersed, implying gross potential reallocation gains of 10.7% of profits. We
show that the bank’s branch-uniform pricing policy—charging the same spread
across all branches conditional on credit score—is an important friction that lim-
its price-based reallocation.
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Introduction

When a bank earns higher returns at some branches than others, its headquarters can—
in principle—reallocate capital until marginal returns are equalized. Whether internal
capital markets actually achieve this is a fundamental question in corporate finance.
Bank internal capital markets intermediate tens of trillions of dollars in the U.S. alone,
yet empirical tests of their efficiency have been hampered by a lack of internal data and,
crucially, exogenous variation to measure how profits respond when capital is shifted
across branches.

In this paper, we conduct a large-scale field experiment to test the allocative effi-
ciency of a bank’s internal capital market.1 We study a large European bank whose ap-
proximately 500 branches share a common cost of funds, and use a randomized pricing
experiment on approximately 50,000 loan applications to identify the marginal return
on capital for each branch group—the change in profit per dollar of capital reallocated
via price changes. We cannot reject the null that total lending scale is optimal (p=0.27),
but we reject equalized marginal returns across branch groups (p=0.002): marginal re-
turns are substantially dispersed, implying gross potential reallocation gains of 10.7%
of profits. We identify the bank’s branch-uniform pricing policy—charging the same
spread across all branches conditional on credit score—as an important impediment to
price-based reallocation.

Our setting—capital allocation within a single organization—is distinct from the
across-firm misallocation studied in the macroeconomics literature (e.g., Hsieh and
Klenow (2009), Carrillo et al. (2023), Hughes and Majerovitz (2024)). Within a firm,
headquarters controls several allocation levers; in our setting, we experimentally vary
one of them—loan pricing—and observe how capital deployment and profits respond.
This makes allocative inefficiency both more directly testable and more actionable: the
question is not whether a social planner could improve on decentralized markets, but
whether the firm’s own allocation mechanism can be improved.

A notable feature of our analysis is that average returns are misleading about the
scope for reallocation. Using historical data, we document that the average return at
top-decile branches is nearly four times that at bottom-decile branches. This raises
concern about misallocation, but does not by itself measure feasible gains from reallo-

1To our knowledge, no prior field experiment has been designed to test allocative efficiency within
a single firm’s internal capital market.
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cation. The reason is that reallocating capital is costly: expanding lending in a branch
requires lowering its price, which reduces the return on every loan that would have
been issued at the original price—an inframarginal effect. Our experiment allows us to
measure this cost directly.

In Section 2, we formalize this logic. We define the marginal return as:

µ =
Π′(R)
Θ′(R)

where Π′(R) and Θ′(R) are the responses of profit and demand (capital allocated) to
a change in price R. An allocative inefficiency exists if marginal returns are not equal-
ized across branches: the bank could adjust prices to induce a reallocation and increase
profits. For an unconstrained bank, optimality requires µ = 0 for each branch. For a
bank operating under a total capital constraint, allocative efficiency requires that µ

equal a common value across branches (not necessarily zero), since the opportunity
cost of capital deployed in one branch is a loan in another. Using a second-order ap-
proximation, we link the cross-sectional dispersion of marginal returns to potential
reallocation gains via a closed-form expression.

In Section 3, we describe the experiment. The bank employed risk-based pricing:
the spread depended solely on the public credit score, and was therefore uniform across
branches. The experiment randomly assigned applicants to receive a price either lower
or higher than the baseline. This variation allows us to observe what happens when
capital is diverted to or away from a branch, and to estimate the curvature of the profit
function without imposing a common functional form across branches.

In Section 4, we present the findings.2 We estimate the weighted mean of marginal
returns across branch groups to be 0.49% (s.e. 0.43%), and we cannot reject uncon-
strained optimality (p=0.27). However, we reject equalized marginal returns across
branch groups (p=0.002). Approximately 60% of branch groups (by lending volume)
exhibit a positive marginal return, suggesting that capital should increase, while the
remainder exhibit negative marginal returns. The implied gross reallocation gain is
10.7% of profits. These gains arise predominantly (94%) from the dispersion of marginal

2We group the bank’s approximately 500 branches into 21 branch groups based on persistent un-
expected overperformance to ensure sufficient statistical power within each group. All references to
“branch groups” refer to these groupings; see Appendix C for details.

2



returns across branches, highlighting the value of reallocating existing capital rather
than expanding total lending. The remaining 6% could be realized by increasing total
lending. Our results are robust to accounting for cross-sell, origination costs, alterna-
tive binning, and winsorization.

It may be surprising that capital allocation is inefficientwithin an organization that,
by virtue of its control rights, can reallocate in ways that external markets cannot.
We identify the bank’s branch-uniform pricing policy as an important constraint on
price-based reallocation: by charging the same spread across all branches, the bank
forgoes the ability to use prices to equalize marginal returns. In our conversations with
the bank, two concerns were frequently raised against branch-level pricing: strategic
responses from customers manipulating branch choice, and perceptions of unfairness.
Our reallocation gains can be interpreted as the total cost of accommodating these
concerns. Notably, after reviewing our results, the bank began revising its practices in
favor of branch-level pricing.

Literature. Our paper contributes to the literature on the efficiency of internal cap-
ital markets in finance.3 Prior studies have used naturally occurring data to test for
efficient allocation within conglomerates and non-financial firms; the banking litera-
ture documents that bank internal capital markets exist (see Peek and Rosengren (1997);
Houston et al. (1997); Campello (2002); Cremers et al. (2010); Gilje et al. (2016); Cortés
and Strahan (2017); Drechsler et al. (2017)), but evidence on whether they allocate cap-
ital efficiently has been limited.4 We contribute by conducting a field experiment to
facilitate capital reallocation within a bank, test whether marginal returns are equal-
ized, and quantify the gains.

Our paper also relates to the macroeconomics literature on misallocation of cap-
ital across firms (e.g., Hsieh and Klenow (2009), Gopinath et al. (2017), David et al.
(2022), Bau and Matray (2023), Sraer and Thesmar (2023)). Two recent papers use ex-
perimental variation to measure misallocation: Carrillo et al. (2023) use construction

3See Lamont (1997); Shin and Stulz (1998); Gertner et al. (1994); Stein (1997); Scharfstein and Stein
(2000); Whited (2001); Duchin and Sosyura (2013). Maksimovic and Phillips (2002) study how conglom-
erates allocate resources across divisions over the business cycle. Matvos and Seru (2014) estimate a
structural model of internal capital markets. Giroud and Mueller (2015) use new airline routes as ex-
ogenous shocks and document reallocation within firms, but only if the firm is financially constrained.
Giroud et al. (2022) decompose misallocation across and within firms and find that three-quarters is
within.

4Our paper also relates to financial integration more broadly, e.g., Jayaratne and Strahan (1996);
Landier et al. (2017).
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procurement lotteries in Ecuador, and Hughes and Majerovitz (2024) use randomized
microcredit in Sri Lanka. Both study misallocation across firms. Our contribution is
to adapt these tools to study misallocation within a firm, where the planner’s own al-
location lever—loan pricing—is the instrument, and where the inframarginal cost of
reallocating through price is first-order.

Finally, we contribute to the literature on uniform pricing—see (Nakamura, 2008;
Cavallo et al., 2014; Hitsch et al., 2017; DellaVigna and Gentzkow, 2019; Daruich and
Kozlowski, 2023) for retail and (Park and Pennacchi, 2008; Granja and Paixao, 2021;
Dlugosz et al., 2023) for banks—as well as studies featuring randomized pricing exper-
iments.5 Uniform pricing is pervasive across industries and countries; our reallocation
gains quantify the cost of this practice within a bank’s internal capital market.

1 Environment and Data

1.1 Institutional Details

Collaborator. We collaborate with a bank headquartered and regulated in the E.U.. Our
analysis uses data exclusively from the bank’s subsidiary in Türkiye. This subsidiary
ranks in the top-10 by asset size and number of branches in the local market, with
a customer base broadly representative of banked households. It offers a wide range
of products, including unsecured loans, mortgages, checking and savings accounts,
overdrafts, retirement accounts, brokerage, and insurance.

Unsecured loans. We focus on a single product—unsecured installment loans with
fixed rates, fixed nominal payments in local currency, and maturities of up to 72 months.
These loans account for two-thirds of total non-mortgage household debt outstand-
ing. Borrowers commonly use these loans for debt consolidation, home improvements,
health expenses, travel, education, or large purchases.

Underwriting. At the time of application, applicants provide basic demographic in-
formation (e.g., education, employment, home ownership, income). They then declare

5For example, DeFusco et al. (2022) and Aydin (2024). DellaVigna and Gentzkow (2019) show that
most U.S. food, drugstore, and mass-merchandise chains price uniformly across stores, resulting in a
median profit loss of 1.79% of revenue, which translates to 35% of profits at a 5% operating margin. Granja
and Paixao (2021) and Begenau and Stafford (2023) provide evidence that U.S. banks predominantly use
uniform deposit pricing. Hurst et al. (2016) document price uniformity for mortgages securitized by
GSEs, but not in the private market.
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Table 1: Environment: Underwriting

Policy rule Tier: Prime Mid Sub
Application rejected if larger than

Debt (Total) 100,000 75,000 50,000
Debt-to-income 10 8 6
Payment-to-income 50% 40% 30%

Note. Table displays, for illustration purposes, a hypothetical underwriting rule. The
actual underwriting rule has many more policy rules.

a purpose for borrowing and request a loan size and maturity. Applicants are tiered
based on scores. These tiers determine total debt, debt-to-income, and payment-to-
income limits. For illustration purposes, Table 1 outlines a hypothetical underwriting
policy. In this example, an applicant in the Prime tier is rejected if total debt is higher
than 100,000 or debt-to-income is higher than 10 or payment-to-income higher than
50%. Underwriting is segmented such that salary customers and retirees (with veri-
fiable incomes) are subject to separate policies. Underwriting allows for managerial
discretion, as branch managers can approve marginal applicants (i.e., those near the
thresholds in Table 1), but they can not modify the price, size, or maturity.

Pricing. The loan price is determined by adding a spread to the cost of funds. The
cost of funds depends on the loan type and currency, but not on the credit score. The
spread depends solely on the credit score (via estimated cost-of-risk). Hence, pricing is
risk-based. Table 2 shows the bank’s rate sheet during the time of the experiment. All
applicants, excluding a small fraction (≈ 10%) who receive a preferred price (e.g., bank
employees, salary customers, retirees), are assigned one of five spreads, as displayed
in the Table. Table 3 shows that these five credit score bins in Table 2 alone explain
more than 98% of the variation in the spreads. As the credit score is the sole input (and
branch is not an input), prices are uniform across branches.

Internal Capital Market. The bank comprises ≈ 500 branches. These branches face
distinctive pools of quality and competition, informational access, and some decision-
making autonomy. The branches access a common pool of capital at a common cost
of funds; hence, the opportunity cost of the capital deployed in one branch is a loan in
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Table 2: Environment: Bank’s Rate Sheet

Score Cost of Funds Spread Rate
% APR % APR % APR

1600 to 1900 15.7 2.5 18.2
1400 to 1600 15.7 2.9 18.6
1250 to 1400 15.7 3.5 19.2
1150 to 1250 15.7 3.8 19.5
900 to 1150 15.7 4.2 19.9

Note. Table displays the actual rate sheet used by the bank during the experiment.

Table 3: Environment: Risk-based Pricing

Spread Cost of Funds

Score—5 Bins ✓ ✓
Branch ✓ ✓

R2 0.983 0.018 0.005 0.023

Note. Table displays R2 from a regression where the dependent variable is either the
spread, or the cost of funds. 5 Credit Score bins are as in Table 2.

another branch. There are no lending or deposit constraints at the branch level, and
the movement of capital across branches is unrestricted.67 8

6Capital is (softly) budgeted at the start of the fiscal year through volume targets set at the branch
level, as well as across segments and products. Branch managers are incentivized and solicit applications
to achieve these targets.

7During the relevant period of the COVID-19 pandemic in 2020, Türkiye did not impose lockdowns
during weekday business hours for the general population, opting instead for overnight and weekend
curfews. Essential businesses, including banks, generally remained open during daytime hours.

8Unlike other jurisdictions (e.g., India, Pakistan, and the Philippines), where regulators can meaning-
fully constrain banks’ physical footprints—through branch authorisation rules and, in some cases, ap-
proval requirements for closures or location changes—Türkiye does not impose comparable constraints
on branch siting or closure.
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1.2 Returns to Capital—Measurement and Dispersion

Here, we introduce our data and returns to capital measures. We then use historic data
to document persistent dispersion in average returns across branches.

1.2.1 Measurement

Data. We analyze historic data on all unsecured personal installment loans issued by
the bank from 2015 to 2020. We construct the dataset by merging information on the
applicant, the application, and loan performance. Applicant data includes credit score
and income. Loan characteristics include the price, maturity, size (face value), and
cost of funds. Performance data includes information on the timing of default (i.e., the
date the loan became non-performing) and recovery after default (within the first 12
months).

Loan-level Returns. We measure the loan-level return as a net present value, nor-
malized by face value. This gives a profit per dollar lent. We denote this return as π. We
calculate net present value by discounting payments at the loan-specific cost of funds
c, accounting for missed payments via the timing of default and subsequent recovery.9

Branch-level Returns. We calculate branch-level returns by averaging loan-level
returns at the branch level. First, we calculate branch-year returns. We then average
these returns at the branch level to calculate long-run (2015-2020) branch returns.

1.2.2 Dispersion

We document that branch-level average returns exhibit substantial dispersion. Loans
originating from the worst-performing branches have substantially lower returns than
those originating from the best-performing branches.

Focusing on 2015-2020, the branch-level return range (10th to 90th percentile) is
1.45pp for realized returns. The difference in realized returns between any two ran-
domly chosen branches is 0.73pp—about half the size of the average return.

Naturally, differences in branch-level returns may be due to observables (e.g., credit
score, loan size, and maturity). To isolate unexplained branch-level returns, we extract
branch-year effects fbt from a regression that purges realized loan-level realized returns

9Further details are provided in Appendix A.1.
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πR
j of observables Xj.10

πR
j = g(Xj) · ft + fbt + ε j (1)

Figure 1 displays the histogram of these branch-year effects fbt by year. The branch
effect explains 37% of the variation in these branch-year effects across six years. A
branch in the bottom quartile has a 49% chance of remaining in the bottom quartile
after one year, and a 40% chance of remaining there after three years. These patterns
suggest that the branch effect on realized returns is meaningfully persistent.

Figure 1: Historic Data: Average Returns—Branch Overperformance
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Note. The left figure displays the histogram of branch-year effects fbt from Equation (1).
The right figure displays the histogram of Overper f ormb = ∑t fbt.

We then define Overper f ormb = ∑t fbt—persistent unexpected overperformance—as
the time average of these branch-year effects. The right panel of Figure 1 displays the
histogram of this branch-level bias. Overper f orm gives us a natural running variable
for our reallocation exercise in Section 4. Indeed,

Overall, the dispersion in returns invites the interpretation that the bank may be
allocating too much capital to low-return branches, and vice versa. However, average
returns do not reveal much about the marginal (next-best) returns for each branch.
Marginal returns also depend on demand and on how demand and costs change as
capital is reallocated. Next, we conceptually characterize these marginal returns.

10X consists of credit score, loan size, and maturity. Specifically, g interacts credit score (8 bins, plus
one for null scores), size, and maturity (4 bins each), yielding 9 · 42 = 144 bins, and includes credit score
as an additional regressor. We also interact g(Xj) with calendar year effects ft to allow the impact of
observables to vary over time.
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2 Conceptual Framework

We now describe our approach to identifying marginal returns using supply variation,
and linking the marginal return estimates to tests of allocative efficiency and potential
reallocation gains. Our framework applies broadly to settings where capital is allocated
among competing segments (e.g., branches, divisions, products) via different levers
(e.g., prices, cost of funds, underwriting thresholds).11 Here, we focus on reallocation
across branches using pricing variation.

Consider a bank lending across b ∈ {1, . . . , B} branches. These branches share an
internal capital market and a common cost of funds, c. Demand and cost of risk are het-
erogeneous across the branches. Otherwise, there is no heterogeneity in observables
(e.g., size, maturity, credit score).

Let Rb denote the price and qb(Rb) the cost of risk (missed payments per dollar
lent). We assume q is increasing in R—reflecting adverse selection and moral hazard.

As in Section 1, the average return (i.e., average profit per capital allocated) is:12

πb(Rb) = Rb − c − qb(Rb) (Average)

π is defined only for issued loans and does not capture the bank’s ability to convert
applications into loans. A bank may accept a lower profit from issued loans if increased
demand compensates for the reduction in R. Let Θb(Rb) represent demand (take-up).
We assume Θ is decreasing in R.

Faced with a loan application, the bank’s objective is to maximize concave prof-
its—the product of demand and average return:

Πb(Rb) = Θb(Rb) πb(Rb)

= Θb(Rb)

(
Rb − c − qb(Rb)

)
11See Table 12.
12Later, we generalize π to incorporate duration, as well as cross-sell o and cost of origination ζ.
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2.1 Unconstrained Optimality

For expositional simplicity, we first drop the subscript b, and study an unconstrained

bank—i.e., no total capital constraint—allocating capital to a single segment.

The optimal price, denoted R∗, is chosen as:13

R∗ = arg max
R

Θ(R)
(

R − c − q(R)
)

with the first-order condition:

Π′(R∗) = Θ′(R∗)

(
R∗ − c − q(R∗)

)
+ Θ(R∗)

(
1 − q′(R∗)

)
= 0 (FOC)

In the first-order condition, the first term represents the extensive margin effect
of a change in price. This is the main allocation lever. Because the demand curve is
downward-sloping, allocating more capital requires lowering prices. Lowering prices
increases demand, where each new loan brings additional profit—an additional average
return— (and vice versa for raising prices). The second term represents the intensive
margin—the inframarginal effect. Lowering prices affects the returns on loans already
taken up, through changes in price and the cost of risk. Optimality is achieved by
balancing these two effects.

2.2 Marginal Returns

Define a wedge µ such that the observed price R̂ maximizes a distorted objective:

R̂ = arg max
R

Θ(R)
(

R − c − q(R)− µ

)

and satisfies the distorted first-order condition:

Θ′(R̂)
(

R̂ − c − q(R̂)− µ̂

)
+ Θ(R̂)

(
1 − q′(R̂)

)
= 0 (FOC-µ)

13While the approach we develop use and the experiment creates pricing variation focus on pricing,
they are inherently tied to the capital allocation problem. Deploying more capital requires lowering the
price because the demand curve is strictly downward-sloping. Indeed, holding features of the technology
(e.g., underwriting, advertising) constant, the marginal µ we identify is equivalent to the marginal of
the capital allocation problem against an inverse demand. See early work by Weitzman (1974) and Table
12 for a discussion of this equivalence.
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µ rationalizes the observed price R̂ and may be interpreted as amisperception about
cost of funds c.14

Notice that (FOC) evaluated at R̂ is:

Π′(R̂) = µ̂ Θ′(R̂)

The change in profit at R̂, equals the product of µ and the slope of the demand.
Hence, µ can be estimated, using price variation around R̂, as:

µ̂ =
Π′(R̂)
Θ′(R̂)

(Marginal)

= π(R̂) +
Θ(R̂)
Θ′(R̂)

(
1 − q′(R̂)

)

µ is the change in profit per marginal capital allocated—i.e., themarginal return. The
marginal return depends on the average return, π, as each new loan brings additional
profit. The marginal return also depends on the costs of reallocating, through the level
of demand Θ and how demand and costs change with prices—Θ′ and q′.

Unconstrained optimality (with no total capital constraint) requires the chosen
price satisfies the first-order condition, corresponding to the null hypothesis H0 : µ =

0. When µ ̸= 0, an unconstrained bank can increase profits. A positive µ indicates that
capital allocation should increase. Because the demand curve is downward-sloping,
this requires lowering the price. Conversely, a negative µ implies that profits would
increase if capital allocation decreased (and price increased).

2.3 Constrained Optimality

Now consider the case where the bank faces a total capital constraint, such that:

∑
b

Θb(Rb) ≤ Θ̄

14It could also be interpreted as a misperception about cost of risk q or average return π. For example,
if µ=1%, then the observed price R̂ could be rationalized if (or chosen under the misperception that) the
cost of funds c or cost of risk q is 1pp higher, or the average return π is 1pp lower.
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The prices are then chosen as:

{R∗
1 , . . . R∗

b} = max
R1,...,Rb

∑
b

Θb(Rb)

(
Rb − c − qb(Rb)

)
s.t. ∑

b
Θb(Rb) ≤ Θ̄

= max
R1,...,Rb

∑
b

Θb(Rb)

(
Rb − c − qb(Rb)− µ

)

Notice that the presence of a total capital constraint gives rise to the same distorted
first-order condition as (FOC-µ). Now, µ is the Lagrange multiplier on the total capital
constraint.15 When constraint binds, the effective cost of capital becomes c + µ for all
uses. While µ need not equal zero, it should be common across uses. Any dispersion in
the marginal return indicates allocative inefficiency across uses.

2.4 Reallocation Gains

To quantify potential gains from reallocating capital (i.e., holding total allocation con-
stant) across uses, we derive an analytical formula. The bank’s reallocation gains due
to the dispersion in marginal returns in the presence of constraint is:

GC = Π(R∗)− Π(R̂)

≈ −∑
b

1
2
(µ̂b − µ̄)2 Θ′

b(R̂b)
2

Π′′
b (R̂b)

where µ̄ =
∑b

Θ′
b(R̂b)

2

Π′′
b (R̂b)

µ̂b

∑b
Θ′

b(R̂b)2

Π′′
b (R̂b)

(Gain)

We present the proof in Section 2.6, which follows from a second-order Taylor
expansion of Π around R̂. The gain is the triangle area implied by the local approxi-
mation: it equals one-half the reallocation (Θ∗

b − Θ̂b) times the excess marginal-return
wedge (µ̂b − µ̄), summed across uses. µ̄ is a weighted mean of the marginal returns,
with weights chosen to ensure that the total capital constraint is satisfied.

This expression summarizes, in terms of marginal returns, the gains from reallocat-
ing capital across uses while holding total allocation constant. This is done by adjusting

15The Lagrangian associated with the constrained optimization problem is:

L = ∑
b

Θb(Rb)

(
Rb − c − qb(Rb)

)
+ µ

[
Θ̄ − ∑

b
Θb(Rb)

]
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prices such that µ is common across uses at the level µ̄.

The reallocation gains depends on the level of the marginal return µ, the slope of
demand Θ′, and the curvature of profits Π′′ (all evaluated at R̂). If µb is common across
uses at the level µ̄ there would be no gain. Otherwise, reallocation gains are quadratic
in µ—small distortions around the optimum result in negligible gain, but gains grow
rapidly with µ.16

2.5 Taking Stock

We define an allocative inefficiency as a situation where the bank, given its constraints
and information, could use price adjustments to reallocate total capital and increase
overall profits. This definition of efficiency requires that the marginal returns are equal-
ized across uses, though this common marginal return need not be zero. If one use has a
higher marginal return (indicating that allocating more capital would increase profits)
and vice versa, then reallocation increases profits. To the extent that µb is not con-
stant across uses, the bank can improve profitability by adjusting prices to reduce or
eliminate marginal return dispersion.

Table 4: Conceptual Framework: Average, Marginal, Reallocation, Gain

Symbol Formula Definition

(Average) π̂b = Πb
Θb

= Rb − c − qb Average profit per capital allo-
cated

(Marginal) µ̂b =
Π′

b
Θ′

b
= πb +

Θb
Θ′

b
(1 − q′b) Change in profit per marginal

capital allocated

(Reallocation) Θ∗
b − Θ̂b = −µ̃b

Θ′2
b

Π′′
b

Optimal minus observed capi-
tal allocation

(Gain) Π∗ − Π̂ = −∑b
1
2 µ̃2

b
Θ′2

b
Π′′

b
Optimalminus observed profit

Table 4 summarizes the concepts used throughout the paper—average return, marginal
return, reallocation, and gain.

16Under linear demand and cost curves (i.e., Θ′′ = q′′ = 0), the gain simplifies to 1
4 µ2 1

(1−q′) .
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Table 5: Conceptual Framework: Gain and Reallocation

µ Θ′ Π′′ R∗ − R̂ Θ∗ − Θ̂ Π∗ − Π̂
% of FV pp % (of R̂) pp % (of Θ̂) % of Π̂

0.5% -10 -10 -0.5 -2.5 5 20 2.5%
1% -10 -10 -1 -5 10 40 10%
2% -10 -10 -2 -10 20 80 40%

-1% -10 -10 1 5 -10 -40 10%
1% -10 -20 -0.5 -2.5 5 20 5%

Note. Π̂ = 0.5%, R̂ = 20% APR, Θ̂ = 25%.

2.6 Proofs

We start by deriving an analytical formula for the reallocation gains of an unconstrained

bank, in two steps.

First, we derive the relationship between the µ and the difference of the observed
price R̂ from the optimal level R∗:

R∗ − R̂ ≈ −µ̂
Θ′(R̂)
Π′′(R̂)

(R∗ − R̂)

which follows from a first-order Taylor expansion of Π′ around R̂:

Π′(R∗) = Π′(R̂) + Π′′(R̂) (R∗ − R̂) + O((R∗ − R̂)2)

where Π′(R∗) = 0 and Π′(R̂) = µ̂ Θ′(R̂).

Second, the expression for the unconstrained reallocation gains follows from the
second-order Taylor expansion of Π around R̂:

Π(R∗) = Π(R̂) + Π′(R̂) (R∗ − R̂) +
1
2

Π′′(R̂) (R∗ − R̂)2 + O((R∗ − R̂)3)

where Π′(R̂) = µ̂ Θ′(R̂) and R∗ − R̂ ≈ −µ̂
Θ′(R̂)
Π′′(R̂)

.
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Hence, the unconstrained reallocation gain is given by:

GU(µ̂) = −1
2

µ̂2 Θ′(R̂)2

Π′′(R̂)

The total reallocation gain is the sum across uses of the loss Gb:

GU
Total = ∑

b
GU

b (µ̂b)

The analytical formula for the reallocation gains of a constrained bank follows anal-
ogously. It only remains to be shown that constraint is satisfied.

First, note that the difference between the observed allocation Θ̂ and the optimal
level Θ∗ is, to the first order:

Θ∗ − Θ(R̂) ≈ Θ′(R̂)
(

R∗ − R̂
)

≈ −µ̂
Θ′(R̂)2

Π′′(R̂)

In constrained reallocation, we replace µ̂b with µ̂b − µ̄:

Θ∗
b − Θb(R̂b) ≈ −

(
µ̂b − µ̄

) Θ′
b(R̂b)

2

Π′′
b (R̂b)

(Reallocation)

The total change in capital allocation is thus ∑b(µ̄ − µ̂b)
Θ′

b(R̂b)
2

Π′′
b (R̂b)

, which equals
zero by the construction of µ̄, as required.
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3 Experiment

We now describe the randomized experiment used to identify the marginal returns.

Conceptually, the goal is to induce more or less capital allocation by randomizing
supply. Econometrically, this approach requires an instrument Z that is correlated
with supply but uncorrelated with demand or costs. The experiment, which randomizes
prices at a level either lower or higher than the baseline, does exactly that.

In this section, we present descriptive evidence on average effects. In Section 4, we
estimate heterogeneous marginal returns at more granular levels.

Design. The experiment involves 50,042 applicants approved for underwriting.17

Applicants were randomly assigned to three experimental groups based on the final
digits of the customer identification number. These three groups were offered different
prices. The baseline group (80%) receives the risk-based price displayed in Table 2. The
low-price (L) group, consisting of 10% of applicants, was offered a price reduction. The
high-price (H) group, also consisting of 10% of applicants, was offered a price hike. We
denote the assignment to the low- and high-price groups as ZL = 1 and ZH = 1, re-
spectively. Hence, the experimental procedure provides two randomized instruments,
ZL and ZH , for econometric evaluation. Importantly, this variation allows us to ob-
serve behavior in response to both price increases and decreases.18

Summary Statistics. Table 6 displays summary statistics. Panel A displays appli-
cant characteristics. Panel B displays loan characteristics. The average price, cost of
funds, and spread is 18.8%, 15.7%, and 3.2%. The average maturity is 29 months and the
average requested face value is 29,611 TRY, about six months of income. The maximum
maturity is three years, with two-thirds of all loans having a maturity of three years.

First, the applicants decide whether to take-up (demand). A total of 17,096 appli-
cations (34.2%) were taken up and issued. Later, those who take-up, decide whether
to miss payments (cost of risk). Among takers, 3.7% fall into 90+ (delinquent) status,
resulting in a cost of risk of 1.72% of the face value. This yields an average realized

17The experiment ran from November 2020 to January 2021. It was conducted by the bank’s treasury,
with the goal of estimating the average slope of demand and profit curves. The research team was
not involved in the design or implementation. There was no explicit participation choice; therefore,
applicants were not aware they were participants in a controlled trial.

18This is a key ingredient in our reallocation gains calculation as it enables the nonparametric esti-
mation of the curvature of the profit function, Π′′.
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Table 6: Experiment: Summary Statistics

Variable unit N mean s.d. p10 p50 p90

Panel A: Applicant
ZL 50,042 0.10 0.30 0 0 0
ZH 50,042 0.10 0.30 0 0 0
Metro 50,042 0.59 0.49 0 0 1
Score (Credit Bureau) 50,042 1,407 237 1,077 1,415 1,728
Income TRY 42,639 6,125 10,188 2,300 4,032 10,000
Loans (Existing) Count 50,042 1.6 1.7 0 1 4
Payments (Existing) TRY 50,042 998 1,887 0 376 2,653
Debt (Existing) TRY 50,042 24,504 41,560 0 10,000 66,595

Panel B: Loan
Size FV TRY 50,042 29,591 27,879 6,500 24,000 50,000
Maturity T Months 50,042 29.0 9.4 12 36 36
Cost of Funds c % APR 50,042 15.67 0.7 14.9 16.2 16.2
Spread R − c % APR 50,042 3.17 0.9 2.3 2.9 4.2
Price R % APR 50,042 18.84 1.1 17.4 18.7 20.4
Cost of Origination ζ % of FV 50,042 0.07 0.22 0 0 0.24

Panel C: Outcomes
Demand Θ % 50,042 34.2 47.4 0 0 100
90+ % 17,096 3.7 18.9 0 0 0
Cost of Risk q % of FV 17,096 1.72 9.84 0 0 0.12
Average Return π % of FV 17,096 1.73 9.81 1.29 3.53 5.40
Profit Π % of FV 50,042 0.59 5.79 0 0 4.08
Cross-sell o % of FV 17,096 0.25 1.37 0 0 0.56

return of 1.73% of the face value for issued loans and a profit of 0.59% of face value
(1.73% × 34.2%). Our loan-level outcome variables are demand Θ and cost of risk q.

Identification. The randomized assignment to the treatment group, Z, is indepen-
dent of observable and unobservable determinants of demand and costs. Note that
although the assignment to the treatment group, Z, is random, the magnitude of the
price increase is not randomized. In the analysis, we always restrict the variation used
only to the random assignment of a participant, Z.

Other Margins. Throughout the analysis, we consider loan terms (e.g., size, ma-

17



Table 7: Experiment: Covariate Balance

Metro Score Income Loans Payments Debt Term Cost of Funds
TRY Count TRY TRY Months % APR

ZL -0.003 21.8 232 -0.01 -8.7 633 -0.3 0.003
Low (0.007) (3.6) (162) (0.03) (28) (624) (0.14) (0.01)

ZH -0.012 -15.2 43 -0.02 -13.9 441 -0.2 0.04
High (0.007) (3.6) (168) (0.03) (29) (630) (0.14) (0.01)

Baseline 0.59 1407 6,106 1.63 1,000 24,398 29.1 15.7
(0.003) (1.2) (55) (0.01) (9) (207) (0.05) (0.003)

N 50,042 50,042 42,639 50,042 50,042 50,042 50,042 50,042
p 0.27 <0.01 0.33 0.73 0.86 0.50 0.10 <0.01

%L -0.5 1.6 3.8 -0.6 -0.9 2.6 -0.9 0.02
%H -2.1 -1.1 -0.7 1.0 -1.4 1.3 -0.6 0.3

turity) as fixed.19 As price randomization is after underwriting approval, there is no
scope for discretion on behalf of branch managers to offset the first-stage or affect other
margins.

Table 8: Experiment: Estimation Framework

Z X Y
Instrument

First-stage ZL and ZH ZL and ZH R

Reduced Form ZL and ZH ZL and ZH Θ or q

Treatment Effect ZL and ZH R Θ or q

19Table 13 shows that a small fraction applicants change the initial size or maturity declared at the
application. For the few who do change, the change is unrelated to the price. We define an applicant as
a changer in two ways: if the final contract size or term is different by more than 1% or 10%. According
to these measures, 5.9% (1,022) to 8.1% (1,386) of the applicants change their term, and 4.8% (813) to 5.8%
(976) change their loan size. However, neither the propensity to change term or size nor the magnitude
of the change for changers vary across experimental groups.
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Estimation Framework. Table 8 summarizes the estimation framework used to an-
alyze the randomized controlled trial. First, we study the effects of the experiment on
prices (first-stage), later on demand, cost of risk, and profit.

In the first stage, the left-hand-side variable is R, the price. In the reduced form
specifications, the left-hand-side variable is either demand Θ or cost of risk q. The
instruments Z are orthogonal to measurement error, omitted variables, and the error
(e.g., factors that effect demand or costs for reasons other than the price).

To estimate a treatment effect within a two-stage least-squares (2SLS) framework,
we replace the right-hand-side variable with the price R.20

Table 9: Experiment: First-stage and Reduced Form Estimates

First-stage Reduced Form

R R − c Θ q
Price Spread Demand Cost of Risk
% APR % APR % % of FV

ZL -1.32 -1.32 13.2 -0.68
Low (0.01) (0.01) (0.7) (0.22)

Constant 18.89 3.22 34.5 1.81
(0.005) (0.004) (0.2) (0.08)

ZH 0.92 0.88 -16.6 0.41
High (0.01) (0.01) (0.7) (0.35)

N 50,042 50,042 50,042 17,096
F 7,286 12,603

Average Effect Estimates. Table 9 displays the first-stage and reduced form specifi-
cations and compares the average change in price and outcomes between the treatment
group and the control group using ordinary least squares (OLS).

20To estimate a treatment effect for price cuts, we exclude ZH = 1 and use ZL as an instrument,
and vice versa to estimate a treatment effect for price hikes. As the model is exactly identified, the
treatment effect obtained using the linear two-stage least-squares (2SLS) framework corresponds to the
Wald estimate, calculated as the ratio of the reduced form and first-stage effects.
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Focusing on the first-stage estimates in Table 9 the baseline group receives an price
of 18.89% APR (corresponding to a spread of 3.22% APR), which is 1.32pp lower for
group ZL and 0.92pp higher for group ZH . The F-statistic for the first stage is 7,286.
As the cost of funds is balanced across the groups, the difference in the price comes
entirely from the spread.

The first column of reduced form estimates in Table 9 show a downward sloping
demand curve. The average demand for the baseline group is 34.5%, which is 13.2pp

(38%) higher for group ZL and 16.6pp (48%) lower for group ZH . In terms of a treat-
ment effect, a 1pp APR decrease in prices (5% off a base of 18.89%) increases demand
by 13.2

1.32=10pp (29% off a base of 34.5%). Conversely, in response to a 1pp APR increase
in prices, demand decreases by 16.6

0.92=18.1pp (52%). This yields a convex demand, with
an slope of -12.7.

The second column of reduced form estimates in Table 9 show an upward sloping
cost of risk curve. The average cost of risk for the baseline group is 1.81% of FV, which
is 0.68% of FV (38%) lower for group ZL and 0.41% of FV (23%) higher for group ZH .
Hence, in response to a 1pp APR decrease in prices, cost of risk decreases by 0.68

1.32=0.52%
of FV. Conversely, in response to a 1pp APR increase in prices, cost of risk increases
by 0.41

0.92=0.45 % of FV. This yields a linear cost-of-risk, with an average slope of 0.47.

4 Results

We now operationalize the framework developed in Section 2.

Table 10: Experiment: Marginal Return Ingredients

µ π Θ
Θ′
(
1 − q′

)
Θ Θ′ q′

Marginal = Average + Inframar. Demand Demand Cost of Risk
Level Level Slope Slope

0.28 1.71 -1.42 34.2% -12.7 0.47

Table 10 displays the marginal return ingredients. The average return is 1.71% per
dollar lent. Yet, allocating more capital (by lowering prices) yields an inframarginal
effect of -1.43%—= 34.2%

−12.7(1 − 0.47)—where 34.2% is the average demand, and -12.7
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and 0.47% are the average demand and cost slopes. This gives a marginal return of
only 0.28% per dollar lent. Hence, the bank’s average pricing and total allocation is
close to optimal.

Yet, these estimates mask substantial dispersion. Next, we estimate heterogeneous
marginal returns at more granular levels. Then, we calculate the cross-sectional dis-
persion of these marginal returns and quantify the reallocation gains.

Binning. The experiment involves 50,042 loan applications and 17,096 loans issued
across B ≈ 500 branches. To estimate marginal returns and reallocate across, we
group loans into bins. Binning ensures a sufficient number of observations per bin and
reduces statistical uncertainty in estimated demand and cost functions.21

Calculations. The marginal return is a function of the slope of demand Θ′ and
cost of risk q′. We estimate these slopes using the instrumental variables approach
described in Section 3. The marginal return is also a function of the average return
π and demand Θ, which are observed ex-post and can be estimated ex-ante. Capital
allocation decisions are made ex-ante, whereas realizations include a noise or luck
component. Our main calculations are based on expected values (for π and Θ), based
on the same information as the bank. For completeness, we also report calculations
based on realizations.22

4.1 Marginal Returns

Figure 2 visualize the marginal return calculations. The marginal return is the change in
profit per marginal capital allocated. The right panel displays the change in profit and
change in demand separately. The left panel displays the estimated marginal returns

21We bin branches based on Overper f orm—persistent unexpected overperformance, discussed in depth
in Section 1.2 and displayed in Figure 1. Grouping based on Overper f orm has a number of advantages.
First, it allows us to reallocate capital across branches that under- versus over-perform. Second, it is
orthogonal to observables (e.g., size, maturity, score); hence, reallocation gains are not due to optimal
pricing of observables. Finally, averaging across geographies and observables allows us to average out
shocks specific to the time of the experiment. See Appendix C for details.

22We calculate the expected return two ways: expectation (econometrician) and expectation (bank).
Both expectations use the observables available to the bank. The econometrician, in addition to ob-
servables, also takes into account persistent unexpected overperformance, whereas the bank does not.
These approaches answer different questions: is the bank allocating efficiently given the information it
conditions on versus is the bank allocating efficiently given the information it could condition on but
does not? Our main calculations are expected values from the econometrician’s perspective. The three
marginal returns we estimate are highly correlated, with a pairwise correlation of 0.99, 0.94, and 0.89.
Figure 5 displays the expectation and realizations for demand Θ and cost of risk q.
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Figure 2: Results: Marginal Returns
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Note. The left panel displays the estimated µ for 20 bins, sorted in increasing order.
The dashed vertical line indicates the weighted mean across all bins. The right panel
displays Π′ and Θ′—the effect of a 1pp APR change in R on Π and Θ, for each bin.

for each bin, sorted in increasing order. The dashed vertical line indicates the weighted
mean across all bins.

Both the demand and cost slope exhibit substantial variation. Demand is down-
ward sloping for every bin, with an interquartile range of -13.0 to -11.7. The slope of
the profit takes on both positive and negative values, with an interquartile range of
-0.18 to 0.06. Hence, the sign of the marginal return is determined by the sign of the
slope of the profit function.

Table 11 reports the estimates. We estimate the weighted mean of marginal re-
turns to be 0.49%. The marginal return is highest at 6.21% for the online branch (i.e.,
customers acquired online and are not assigned a branch manager).

We first test the null hypothesis that the mean marginal return is equal to zero,
or H0 : µb = 0—degeneracy at the value of zero for all branches. This condition is
generically necessary for unconstrained optimality, as the bank could increase profits
by moving to the first order condition. With a standard error of 0.43% and a p value of
0.27, the test for unconstrained optimality does not reject.23 Hence, we cannot reject
that the total scale of capital allocation is optimal.

23How do marginal returns relate to average returns? First, marginals take on both positive and
negative values. Second, Recall that the µ equals the average return π plus a term representing how
costly it is to reallocate (that depends on demand Θ, demand slope Θ′ and cost of risk slope q′).
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The test of whether the mean marginal return is equal to zero does not tell us
whether the allocation is efficient. Allocative efficiency concerns the (lack of) disper-
sion in the marginal return. If one branch has a higher marginal return while another
has a lower marginal return, then reallocating capital can increase overall profits.

Approximately 60% of branch groups (by lending volume) exhibit a positive marginal
return, indicating that capital is under-allocated. As the demand curve is downward
sloping, this implies the price should be lowered, which would increase the allocated
capital. For the remaining branch groups, a negative marginal return indicates a need
to decrease the allocated capital. This dispersion in marginal returns implies gains
from reallocating capital to high-marginal-return branch groups, holding total alloca-
tion constant.

4.2 Reallocation

Next, we calculate the implied reallocation using (Reallocation)

Figure 3: Results: Optimal Price and Allocation
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Figure 3 visualizes the steps. The first figure displays the optimal price R∗ vs the
observed price R̂, for each bin. The third figure displays the optimal allocation Θ∗

vs the observed allocation Θ̂, for each bin. The second and fourth figures display the
difference between the optimal and observed prices and allocations.

Directionally, a positive marginal return indicates that price should decrease and
capital allocation should increase. This can be seen in the second and fourth figures.
Quantitatively, the magnitude of reallocation also depends on the slope of demand
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and inversely related to the curvature of the profit function. Hence, reallocation is
higher when the absolute value of the marginal return is higher but also when demand
slope is higher and curvature of the profit function is lower. Naturally, more sharply
diminishing returns to scale and smaller reallocations for the same marginal return.
We estimate curvature using finite differences after estimating the slope separately for
price cuts and hikes.

One striking pattern is the degree of uniformity in the observed prices, displayed
in the first figure. Observed prices range from 18.89 to 19.02 (a 13 bps difference)
whereas optimal prices ranges from 17.39 to 19.63 (a 224 bps difference). Thus, the
optimal price is about 20 times more dispersed compared with the observed prices.
These prices imply an allocation ranging from 24.2 to 53.3, displayed in the third and
fourth figures. This dispersion in optimal allocations is three times greater than that
of observed allocations.

4.3 Gain

Testing for constrained efficiency takes into account that the branches are connected
through the internal capital market and share a common cost of funds c. Hence, a
constrained efficient allocation would feature marginal return equal to a common value

across branches, though this common value is not necessarily zero. A common marginal
return ensures that all branches are operating under the same pricing distortions, elim-
inating inefficiencies that arise from variation in pricing distortions.

We calculate the implied gains using (Gain). The first row of 11 displays the re-
sults. We reject the null of allocative efficiency (p=0.002). Hence, there are benefits to
reallocating capital across branches until marginal returns are equal. We find the gain
from potential reallocation through equalizing marginal returns to be 0.065% of face
value, corresponding to 10.7% of average returns.

In the second row, we report the unconstrained gain, without the total capital con-
straint (i.e., move all branches to their first-order condition)—implying a gain of 11.4%.
Therefore, the reallocation gains arise primarily (10.7/11.4=94%) from the dispersion of
marginal returns across branches, highlighting gains from reallocating capital while
maintaining the total capital constraint. However, the positive mean marginal return
indicates further gains (6%) by decreasing the average price across all branches.
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Table 11: Results: Marginal Return and Reallocation Gain

µ G
Marginal Return Reallocation Gain

Estimate p Estimate p %

Panel A: Main Estimates

Baseline 0.49 0.27 -0.065 0.002 -10.7
(0.43) (0.018)

Unconstrained -0.069 0.006 -11.4
(0.022)

Realization 0.36 0.32 -0.062 0.0003 -10.3
(0.35) (0.014)

Panel B: Extensions

Cross-sell and Cost of Origination 0.65 0.14 -0.064 0.002 -10.5
(0.42) (0.017)

Excluding Online 0.97 0.08 -0.052 0.002 -8.4
(0.52) (0.015)

Panel C: Robustness

Expectation—Bank 0.63 0.22 -0.076 0.01 -11.9
(0.50) (0.027)

Bin by Size 0.56 0.24 -0.082 0.0004 13.7
(0.47) (0.019)

Note. Unless otherwise noted, all calculations based on B=21 bins by Overper f orm, us-
ing expected values from the econometrician’s perspective, weighted (volume of lend-
ing in the year prior), and using reallocation gains formula (Gain).

4.4 Extensions and Robustness

We provide several extensions and robustness checks and for our calculations. These
results are reported in Panels B and C of Table 11.

Cross-sell and Issuance Costs. Our analysis so far ignores cross-sell and issuance
costs. However, what might appear as an inefficient allocation of capital could rep-
resent a strategic decision to cross-sell. For example, a branch that issues loans with
low returns may do so to retain customers who later purchase other products. This
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cross-subsidization could allow banks to optimize overall profitability, even if individ-
ual decisions and branches appear inefficient in isolation.

Relatedly, we have assumed the costs of issuing a loan consist only of the cost of
funds c (which also includes regulatory costs) and the cost of risk q. However, we can
also account for additional operating marginal costs associated with originating loans,
such as application, origination, and underwriting costs at the branch (e.g., salaries,
rent) and headquarter (e.g., technology) level. For example, some branches may have
lower or higher processing costs because of economies of scale or labor and operational
expenses.

We denote the profits from cross-sell of other products or services as o and the cost
of origination by ζ. Then the average return π becomes:

R − c − q(R) + o − ζ

where o represents the present value of the profits from cross-sell of other products or
services over the next year (i.e., the sum of income generated from checking and sav-
ings accounts; credit cards; as well as cross-sell of insurance and brokerage products).
Similarly, ζ represents the additional marginal costs associated with originating loans.

We measure these costs using data from the bank’s internal operational expense
accounting. This allows us to account for all costs in the same way the bank accounts
for them. These marginal costs (about 0.02% of face value) are negligible in magni-
tude compared with the profit per dollar lent. Moreover, they vary minimally across
branches (except for the online branch) and, therefore, have little effects on constrained
loss. The third row of Panel C reports these results. We find results similar to our main
estimates.

Online branch. Next, we exclude the online branch, which account for about 5% of
the applications during the experiment. The online branch has the lowest demand level
and slope, and highest cost of risk level and slope. Excluding the online branch, we cal-
culate the reallocation gains to be slightly lower—0.052% of face value, corresponding
to 8.4% of total profits.

Robustness. We also provide a number of robustness checks. First, instead of group-
ing branches into 20 bins in our baseline estimation, we use 10 bins.24 Second, we group

24The dispersion in marginal returns could also reflect statistical uncertainty of the estimates. How-

26



branches by size. Third, as the quadratic approximation to the loss is sensitive to out-
liers, as a robustness check, we winsorize marginal returns at 5% level. We find broadly
consistent results.

Overall, we find that the mean marginal return is slightly larger than zero, but
we cannot reject the null that banks optimize their first-order condition. However, we
find that marginal returns display substantial dispersion across branch groups, and we
reject equalized marginal returns (p=0.002), which points to benefits from reallocation.

5 Discussion

It may be surprising that a single organization fails to allocate capital efficiently within.
After all, an internal capital market, by virtue of its control rights, can actively reallo-
cate capital across branches in ways that an external market cannot. Why, then, is the
allocation of capital inefficient?

To begin, our partner bank exhibited managerial inertia—it was not aware of per-
sistent unexpected overperformance at the branch level that we document in Section
1.2. The bank understood that branch-year returns can differ, but attributed such dif-
ferences either to observables (e.g., credit score) or to transitory noise. As a result,
underwriting and pricing decisions were based solely on the credit score, and capital
allocation was not adjusted in response to the persistent unexpected differences.

More broadly, our analysis indicates that the bank could achieve allocative effi-
ciency by reallocating capital on the margin. The potential reallocation levers (e.g., pric-
ing, underwriting, incentives, discretion) run the gamut, and a comprehensive analysis
is beyond the scope of this article. However, our analysis indicates that prices can be
used to equalize marginal returns—raising prices and redirecting capital away from
low-marginal-return branches toward high-marginal-return branches.

Yet, in our setting, the bank was engaging in pricing that is uniform across branches.
When pricing is uniform across branches—while not a traditional friction—it acts as
an impediment to reallocation, preventing diversion of capital away (to) from projects
with lower (higher) marginal return.25

ever, in our setting with 50,000, we have on average ≈ 1,000 observations per bin, and hence the standard
errors of our estimates are an order of magnitude smaller than the observed cross-sectional dispersion
in marginal returns. Moreover, when we coarsen the groups, the pattern of dispersion remains robust.

25Similar uniform pricing practices have been documented in the United States for retail chains
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Why was pricing uniform, in particular, was the bank unable (e.g., due to regula-
tions)? In other contexts (e.g., retail) or countries (e.g., U.S.), uniform pricing may be
due to technological and institutional frictions. To discuss the generalizability of our
results, we briefly discuss these frictions.

Menu Costs. Uniform pricing is a rigidity, but across space. Traditionally, such
rigidities are rationalized by menu costs. For example, in retail, changing shelf prices
can be time and labor-intensive. In contrast, banks operate in a digital environment
with real time pricing. Relatedly, banks may offer a house rate to all applicants or en-
gage in billboard pricing—publicly advertise a price in brochures or on television—to at-
tract applicants. Such practices are common among government banks, credit unions,
and integrated lenders, yet at most banks (including our partner bank) applicants read-
ily receive different prices based on their credit score.

Regulation. Geographic price discrimination is common across retailers, banks, and
insurance companies. Yet, in some countries and contexts, regulation may constrain
geographic pricing.26 In Türkiye, location is not a protected class (unlike sex, age,
religion etc.), so pricing on this basis is not non-compliant with banking regulations.

Securitization. Loans destined for securitization—particularly when government-
sponsored—must conform to standardized criteria (e.g., credit score thresholds, loan-
to-value ratios), and, crucially, standardized pricing structures.27 Naturally, in our in-
ternal capital market setting, securitization is not relevant, as individual projects do
not require external funding.

(DellaVigna and Gentzkow, 2019), deposit pricing by banks (Granja and Paixao, 2021; Begenau and
Stafford, 2023), and mortgages securitized by government-sponsored enterprises (Hurst et al., 2016).
The reallocation gains we document are broadly comparable to those found in this literature in other
industries. Most notably, DellaVigna and Gentzkow (2019) show that most U.S. food, drugstore, and
mass-merchandise chains price uniformly across branches, resulting in a median store profit loss of
1.79% of revenue, which translates into 17.9% of profits at a 10% operating margin and 35% of profits at
a 5% operating margin.

26In the U.S., for example, banks are known to offer lower deposit prices in remote and less competi-
tive markets (e.g., North Dakota) compared to highly competitive urban markets (e.g., New York City);
see Drechsler et al. (2017). Branch is an operational factor tied to service delivery (as opposed to the
location of residence or collateral), so branch-level pricing constitutes segmentation, not discrimination.
However, laws against redlining prohibit credit pricing based on the location of the asset (though not the
applicant), including the Fair Housing Act, ECOA, and CRA. Nevertheless, U.S. firms frequently use zip
codes to price other products such as auto insurance or supermarket vouchers. In France, by contrast,
place of residence is explicitly protected under anti-discrimination law. Türkiye aligns more closely with
the U.K. and Canada, neither of which recognize location/place as a protected class in financial services.

27In such cases, banks may originate loans to meet secondary market standards and optimize liquidity
and risk transfer, effectively raising menu costs at the organizational level. This is documented for
mortgages sponsored by government entities in the U.S. by Hurst et al. (2016).
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However, in our conversations, two concerns were frequently raised as to why
uniform pricing—strategic behavior and fairness.

First, it was indicated that branch-level pricing could trigger strategic behavior,
as applicants manipulate application branches to secure favorable terms. Low-price
branches might attract disproportionate application volumes, undermining expertise
and established relationships. In practice, however, the scope for such manipulation is
limited: customers lack proximate alternatives; are tied to, or can be directed to, a spe-
cific branch; with repeated or manipulated applications flagged during underwriting.

The second concern raised is that branch-level pricing could create perceptions
of unfairness among both customers and employees. Such perceptions may harm the
brand, dampen employee morale and customer demand (and profits) in the long run.

Notably, after reviewing our results, the bank began revising its practices in favor
of branch-level pricing.

In sum, uniform pricing may be due to costs that skew more toward strategic and
psychological frictions rather than institutional or technological ones. Our potential
reallocation gains could be interpreted as the total costs of these offsetting forces.

6 Conclusion

We study whether a bank’s internal capital market allocates capital efficiently across
branches. Using a randomized pricing experiment, we identify marginal returns—the
change in profit per dollar of capital reallocated via price changes—for each branch
group. We cannot reject that total lending scale is optimal, but we reject that marginal
returns are equalized across branch groups, implying gross reallocation gains of 10.7%
of profits. We identify the bank’s branch-uniform pricing policy as an important con-
straint on price-based reallocation: optimal prices would need to be far more dispersed
across branches than the near-identical spreads the bank currently charges.

Our findings illustrate a tension at the heart of internal capital markets. These mar-
kets exist, in part, to exploit the advantages of centralized control over allocation. Yet
the same headquarters may adopt uniform policies—whether for simplicity, fairness,
or to deter strategic behavior—that prevent prices from serving as a reallocation tool.
The 10.7% estimate is the gross profit gain from relaxing uniform pricing; whether the

29



bank would fully realize that gain depends on implementation, strategic, and fairness
costs that we do not observe. Nonetheless, this estimate provides a benchmark against
which the costs of branch-level pricing can be assessed.

More broadly, our analysis highlights that average returns can be misleading about
marginal returns and feasible reallocation gains. Reallocating capital through prices is
costly because of inframarginal effects on existing loans, a cost that only experimental
variation can measure directly. We do not claim that the 10.7% magnitude generalizes
beyond this bank; the broader contribution is about the mechanism. Uniform pricing
is pervasive: it has been documented in U.S. retail chains (DellaVigna and Gentzkow,
2019), bank deposit markets (Granja and Paixao, 2021; Begenau and Stafford, 2023), and
GSE-securitized mortgages (Hurst et al., 2016). Whether the allocative costs of unifor-
mity documented here are representative of the broader banking sector—where deposit
pricing, mortgage pricing, and cost-of-funds allocation also exhibit uniformity—is an
important question for future work.
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Appendices

A Returns to Capital

A.1 Calculations

The data contains information on the calendar date the loan has first reach 30+, 60+,
90+ and non-performing status; as well as recovery made in the 12 month consequent
to defaults for non-performing loans.

First, we calculate a base NPV for loans that did not default. Second, for loans
that did default, we calculate a base present value assuming uniform recovery over 12
months subsequent to the NPL date.

NPV = −FV +
Pay

c

(
1 − 1

(1 + c)T

)
(2)

NPV = −FV +
Pay

c

(
1 − 1

(1 + c)TNPL−1

)
+

1
(1 + c)TNPL

(
Rec
12
c

(
1 − 1

(1 + c)12

))
(3)

Finally, we make adjustments for late payments. Suppose a single payment Pay
due at a period t was instead made at period t′ > t. In that case, the present value of
the loan would need to be adjusted:

PV′ − PV = Pay
(

1
(1 + c)t′ −

1
(1 + c)t

)
=

Pay
(1 + c)t

(
1

(1 + c)t′−t − 1
)

We use this formula to make adjustments, considering all possible scenarios.
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B Conceptual Framework: Additional Results

B.1 Prices vs. Allocations

C Binning

Table 14 displays summary statistics for the bins and shows minimal variation in ob-
servables across bins. For example, the interquartile range (p75–p25) of credit score,
loan size, and maturity across bins is a mere 1%, 3%, and 2% of the respective averages.
Figure 4 displays the average observables by bin, sorted by estimated µ in increasing or-
der, further demonstrating that these observables are uncorrelated with the estimated
marginal returns. For instance, the correlation between marginal return and credit
score is −0.16 (p = 0.26). We also provide robustness checks in which we residualize,
and our results remain quantitatively consistent. Figure 4 corroborates that any vari-
ation across bins is indeed orthogonal to marginal returns. As a robustness check, we
also conduct reallocations based on alternative criteria, such as branch size.

Figure 4: Applicant and Loan Characteristics, by Bin
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Figure 5: Marginal Return: Expectation vs. Realization
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Table 12: Conceptual Framework: Prices vs. Allocations

Prices

R∗ = arg maxR Θ(R)
(

R − c − q(R)
)

ΠR(R∗) = 0

R̂ = arg maxR Θ(R)
(

R − c − q(R)− µ

)
ΠR(R̂) = µ ΘR(R̂)

ΠR(R) = ΘR(R)
(

R − c − q(R)
)
+ Θ(R)

(
1 − qR(R)

)
µ = π + Θ

ΘR

(
1 − qR

)
Allocations

Θ∗ = arg maxΘ Θ
(

R(Θ)− c − q(R(Θ))

)
ΠΘ(Θ∗) = 0

Θ̂ = arg maxΘ Θ
(

R(Θ)− c − q(R(Θ))− µ

)
ΠΘ(Θ̂) = µ

ΠΘ(Θ) =

(
R(Θ)− c − q(R(Θ))

)
+ Θ

(
RΘ(Θ)− qR(R(Θ)) RΘ(Θ)

)
µ = π + Θ

(
RΘ − qRRΘ

)
Underwriting

u∗ = arg maxu Θ(u)
(

R − c − q(u)
)

Πu(u∗) = 0

û = arg maxu Θ(u)
(

R − c − q(u)− µ

)
Πu(û) = µ Θu(û)

Πu(u) = Θu(u)
(

R − c − q(u)
)
− Θ(u)qu(u)

µ = π − Θ
Θu

qu

Solicitation

d∗ = arg maxd Θ(d)
(

R − c − q(d)
)

Πd(d∗) = 0

d̂ = arg maxd Θ(d)
(

R − c − q(d)− µ

)
Πd(d̂) = µ Θd(d̂)

Πd(d) = Θd(d)
(

R − c − q(d)
)
− Θ(d)qd(d)

µ = π − Θ
Θd

qd

Note. In the top panel, the bank chooses price R to maximize Π(R) given demand
Θ(R) and cost of risk q(R). In the bottom panel, chooses an allocation K to maximize
Π(K) given inverse demand R(K) and cost of risk q(R(K)).37



Table 13: Effects on Other Margins

T FV
Term Size

Changer Fraction % Change % Changer Fraction % Change %
∆ > 10% ∆ > 1% ∆ > 10% ∆ > 1%

ZL 0.3 -0.1 -2.1 -1.1 -0.2 -0.6 -0.2 -2.4
Low (0.5) (0.6) (6.3) (4.8) (0.5) (0.5) (1.9) (2.1)

ZH 0.3 -0.1 8.2 7.3 -0.7 -0.9 -4.1 -3.9
High (0.8) (1.0) (9.8) (7.5) (0.7) (0.8) (3.2) (3.4)

Baseline 5.9 8.1 111.7 107.6 4.8 5.8 58.7 65.0
(0.2) (0.2) (2.4) (1.8) (0.2) (0.2) (0.7) (0.8)

N 17,096 17,096 1,022 1,386 17,096 17,096 813 976
p 0.86 0.97 0.64 0.59 0.62 0.28 0.42 0.29
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Table 14: Results: Summary Statistics

Variable Mean SD p25 p75 IQR %

Score (Credit Bureau) 1,406 11.7 1,399 1,414 15.1 1
Income 6,079 351 5,862 6,408 546 9
Size FV 29,586 698 29,230 30,252 1,022 3
Maturity T 29.1 0.37 28.8 29.4 0.60 2
Cost of Funds c 15.7 0.02 15.7 15.7 0.03 0.2
Spread R − c 3.22 0.03 3.2 3.2 0.02 0.7
Price R 18.9 0.04 18.9 18.9 0.04 0.2

Demand Θ 34.5 2.6 33.4 36.3 2.9 8
Slope Θ′ -12.5 2.3 -13.0 -11.7 1.4 11
Curvature Θ′′ -362 233 -512 -134 378 104

Cost of Risk q 2.07 0.21 1.94 2.15 0.21 10
Slope q′ 0.55 0.70 0.12 0.88 0.76 139
Curvature q′′ 44.8 92.1 0.0 42.9 42.9 96

Profit Π 0.61 0.09 0.55 0.67 0.12 20
Slope Π′ -0.05 0.21 -0.18 0.06 0.24 505
Curvature Π′′ -30.1 7.8 -39.3 -20.2 19.0 63

Average πE 1.69 0.17 1.61 1.83 0.22 13
Marginal µE 0.49 1.9 -0.46 1.41 1.88 386

Price (Optimal) R∗ 18.9 .66 18.6 19.3 0.78 4.1
Allocation (Optimal) Θ∗ 34.6 8.1 27.7 36.7 9.0 26
Reallocation Θ∗

b − Θ̂b 0.11 8.3 -5.9 4.6 10.4

Note. Table displays summary statistics for the B=21 bins. Θ, q, Π, π, and µ are
expected values from the econometrician’s perspective. Slope and curvature of Θ and
q are estimated using the experiment. See Section 4 for details.
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