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Abstract

Using novel supervisory data, we document persistent and distinct trading specialties
in large U.S. banks, despite their ostensible ability to trade the same instruments. We
argue that this specialization is driven by traders being more productive where the
bank already has installed organizational capital in their areas of expertise. Within a
bank, specialist desks earn higher risk-adjusted returns and their risk models leave a
smaller share of profits and losses unattributed. Job postings and employment data
show that banks recruit more in their specialties when demand expands and that traders
in peripheral activities leave more often. Trading-market segmentation reflects in large

part how banks organize expertise.
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The reqularly repeated phrase “our assets go down in the elevators every night” was both

an appreciation and a warning.

Beard (2007)

1 Introduction

In any industry, firms must choose which services to offer and which to leave to competitors. At
first glance, banks’ trading businesses appear to be one case where specialization matters least:
prices are largely public, products are often standardized, electronic platforms minimize information
asymmetries, and banks interact with one another with extreme frequency. In a frictionless
benchmark with costless capital and freely available information, banks should share risks perfectly.
In contrast to the predictions of this benchmark, banks have long had recognizable trading franchises
in specific markets. The names of familiar market benchmarks are one visible example of these
reputations: Goldman Sachs in commodities through the Goldman Sachs Commodity Index, J.P.
Morgan in emerging-market sovereign debt through the Emerging Markets Bond Index family, and
Morgan Stanley in equities through the Morgan Stanley Capital International indices.

In this paper, we provide systematic evidence of banks’ specialization across activities, ask why
they develop trading specialties, and examine how these choices give rise to market segmentation.
To do so, we examine granular supervisory data on the largest U.S. banks’ trading from the Federal
Reserve’s Form FR VV-1, collected from large banks to enforce the Volcker Rule’s prohibition on
proprietary trading. These data include each bank desk’s profit and loss (P&L), its value-at-risk
(VaR), the risk factors to which it attributes a share of that P&L, and the risk limits it operates
under, including limits the bank sets based on its own forecast of reasonably expected near-term
demand (RENTD). We link the bank data to job postings and to resume data on the traders they
employ, so we can connect banks’ trading specialties to the traders they employ and seek to hire.
Our sample consists of 814 trading desks and 1.3 million desk-days, spanning roughly 93% of all
U.S.-based bank trading activities.

Using these unique and detailed data, we document three main sets of facts. First, we show that
banks specialize in intermediating different risks, and that they earn higher risk-adjusted returns
and have more precise risk models in their areas of specialization. Second, as they approach their
risk limits, banks’ trading shifts towards their core specialization. Third, specialized labor tends to
flow to banks where the associated activities are core from banks where those activities are more
peripheral. These results suggest the importance of taking an organizational view of firm scope
in understanding segmentation of banks into different activities. In particular, they suggest an
important role for the complementarity between banks’ organizational capital and specialized labor
in driving market segmentation and deviations from benchmark theories of perfect risk-sharing.

To organize our empirical investigation, we present a simple model featuring a set of banks.

Each bank is endowed with installed organizational capital, for example existing models, systems,



customer relationships, and experience, associated with trading specific asset classes or clusters
of risk factors. Banks hire specialized traders as a complementary input to organizational capital,
with the two jointly giving rise to cluster-specific expertise, which manifests as a bank’s ability to
manage risk more precisely and to face less risk in that cluster. Due to cluster-specific expertise, the
model predicts that banks concentrate trading activity in clusters where their organizational capital
is greater, and moreover, they earn higher risk-adjusted returns and have better risk assessment in
their areas of concentration. We refer to these areas of higher activity as the bank’s core and to
areas with less activity as peripheral.

Additionally, the model makes a second set of predictions concerning banks’ responses to changes
in customer demand for intermediation and to binding risk constraints on trading activities, and
motivates hypotheses about the movement of specialized traders across banks. Namely, it further
predicts that (1) when expected customer demand for intermediation rises in an activity, banks with
greater organizational capital in that activity respond with larger increases in hiring than banks
with less, and banks respond more in their core activities than in their peripheral activities; and (2)
when their constraints tighten, banks contract positions in their peripheral activities proportionally
more than positions in their core activities. The complementarity between existing organizational
capital and new hires also motivates the hypothesis that specialized traders within an asset class
tend to flow from banks where that asset class is peripheral to banks where it is core, particularly
when expected customer demand in that asset class rises. Unifying each of these predictions is the
underlying idea that traders and trading activity have higher marginal value in banks that specialize
in the corresponding areas. These predictions provide testable implications of the role of expertise
in banks’ trading activities.

With our model predictions in hand, we turn to analyzing the data. We begin by documenting
that banks have distinct and persistent trading specialties. In most asset classes, such as equities
and foreign exchange, activity is concentrated among a few banks. To examine how banks divide
activity within asset classes, we group correlated risk factors into clusters that let us compare related
trading activities across banks. Most clusters are dominated by only one or two banks. Each bank,
in turn, concentrates its own activity in a small set of clusters: half of a typical bank’s activity sits
in its top 14 clusters. These allocations persist for years.

We exploit the granularity of the data to measure specialization at three levels of aggregation:
the share of a bank’s total absolute P&L accounted for by (1) a desk, (2) the desks in an asset class,
or (3) the risk factors in a cluster of similar risk factors. Specialist desks earn higher risk-adjusted
returns. When we compare desks within the same bank on the same day and adjust for common
asset-class conditions, a one-standard-deviation increase in a desk’s share of its bank’s activity is
associated with higher daily profits of about 6% of the desk’s lagged VaR. At the sample’s average
VaR, the estimated difference is about $333,000 per day, or 45% of average daily profits.

In the model, specialists in a cluster are more profitable in that cluster because their expertise

lowers the risk they bear. A unique aspect of the regulatory Form VV-1 is that on it, banks must



attribute a share of their profits to self-selected risk factors and separately report unattributed
P&L, providing us with a non-return based way to test the prediction that banks manage risk more
precisely in their areas of specialization. Specialist desks have more precise risk models, leaving a
smaller share of P&L unattributed in their attribution across risk factors. A one-standard-deviation
increase in specialization is associated with a reduction of 1 percentage point (pp) in that share, a
large effect given that the median unexplained share is 0.2%.

Banks do not operate in a vacuum, and they endogenously allocate their trading capacity—both
human capital and financial capital—to where they expect demand. Another unique feature of the
Form VV-1 data is that, for each risk factor, banks report forecasts of RENTD associated with
that factor.! At the cluster level, a one-standard-deviation increase in average RENTD limits is
associated with about one additional desk at peak participation over the following month. Within a
bank, a one-standard-deviation increase in risk-factor specialization is associated with about 66%
larger RENTD limits, after accounting for conditions in the factor’s cluster. Banks also operate
closer to their limits where they specialize. Moreover, the bank raises those limits by more over the
following months.

We next study the model’s predictions regarding trading desk behavior in response to binding
constraints. We find that banks reallocate toward the core when constraints on their trading capacity
bind, consistent with the mechanism in the model that core activities where the bank has the most
expertise are costlier to abandon when capacity tightens. In particular, when a bank runs closer to
its own reported limits, its activity shifts toward core risk factors relative to peripheral ones.

Finally, we turn to the model’s hiring predictions and examine trader mobility. In the model,
specialized traders and organizational capital jointly give rise to expertise, so productivity depends
on where traders work. At a common staffing level, a trader’s knowledge is worth more at a bank
with high organizational capital in that trader’s area of expertise. Linking banks’ trading records to
job postings and traders’ employment histories lets us examine this organizational account through
both sides of the employment relationship: where banks seek additional expertise and where traders
take their skills.

We document that in response to higher expected demand, banks are more responsive in making
job postings for traders in asset classes in which the bank already specializes. Consider two asset
classes at the same bank whose specialization differs by one standard deviation. A one-standard-
deviation increase in expected demand in each asset class is associated with a larger increase in
postings in the more specialized class. The corresponding difference is about 14% of average monthly
postings. The comparison accounts for bank-wide hiring cycles and conditions common to each
asset class. Given that a posting reflects a bank’s demand for an additional trader before hiring,
it gives us evidence on where banks seek to build their trading businesses. These monthly hiring

decisions complement the daily evidence on how banks allocate trading activity and risk limits.

!These RENTD numbers are used for risk limits that desks adhere to as part of the Volcker Rule’s prohibition on
proprietary trading.



Additionally, a trader’s expertise can be peripheral at one bank and central at another. We
document that traders are more likely to leave when their asset class accounts for a small share
of their employer’s trading. Among traders who change banks but remain in the same asset class,
the change in their employer’s trading share in that asset class is 6.9 pp greater for those leaving
peripheral activities than for those leaving core activities. Part of this difference reflects peripheral
traders’ lower starting shares. The difference is larger when expected customer demand in their
asset class rises, although the demand comparison rests on a small sample of moves. Following
traders who keep their asset class lets us examine how a given trading specialty fits into different
banks’ businesses. The sorting patterns are consistent with the idea that the value of expertise
depends on the organization in which it is employed, with the same expertise being more valuable
in banks that already have complementary organizational capital installed.

Together, our model and evidence show how expertise shapes banks’ trading businesses. Organi-
zational capital makes specialized traders more productive in related activities, giving banks an
incentive to build on their existing expertise. Banks earn more in their specialties, shift activity
toward them as they approach their risk limits, and increase recruiting more in those activities

when expected customer demand rises, while traders in peripheral activities leave more often.

Related literature. Our paper relates most closely to work on specialization in financial markets.
Earlier work documents industry specialization in banks’ lending (Paravisini et al., 2023; Blickle
et al., 2025). In lending, specialization is naturally tied to expertise: screening borrowers and
monitoring them are information-intensive and subject to increasing returns to knowledge. We
document similar specialization in banks’ trading, which cuts against the intuition that investors
choose portfolios to capture the gains from diversification. Our results give empirical evidence on
the role of organizational expertise in trading, consistent with a recent body of theoretical work
(Van Nieuwerburgh and Veldkamp, 2010; Eisfeldt et al., 2023). In a related vein, Kacperczyk et al.
(2005) document stronger performance in concentrated industries among mutual funds, and Wittwer
and Uthemann (2025) document specialization by Canadian dealers in stocks, bonds, and derivatives,
corresponding to stronger trading performance. In addition to documenting a similar empirical
result for bank trading, we tie performance to banks’ risk assessments and hiring, both of which
provide novel evidence on the nature of trading expertise.

Our results also relate to recent work showing that, in contrast to classical models, markets
are segmented, with limited participation by intermediaries in arbitrage trading, options markets,
and currency markets (Siriwardane et al., 2025; Bryzgalova et al., 2025; Moskowitz et al., 2026).
Specialization of the sort we document gives rise to segmentation, which we tie to banks’ expertise
in managing risk. We further theoretically link banks’ tendencies to build on existing expertise
to traders being more productive in areas where the bank already has installed organizational
capital. Our paper therefore also relates to organizational economics, where firms’ scope reflects

organizational frictions, including returns to specialization, coordination costs, and span-of-control



constraints (Lucas, 1978; Becker and Murphy, 1992; Garicano, 2000; Stein, 1997, 2002; Garicano
and Hubbard, 2007), and indicates those frictions matter for financial institutions’ trading.

Our paper also relates to work using supervisory data on banks’ trading. Prior work shows that
bank trading desks behave like toll-taking intermediaries and bear little market risk (Lu and Wallen,
2025), that banks curtailed their exposure to equity market risk after the Volcker Rule (Falato et al.,
2025), and that tighter risk limits reduce dealers’ intermediation and affect prices in Treasury and
currency markets (Brauning and Stein, 2024; Barbiero et al., 2024; Li et al., 2025). Brauning et al.
(2026) further show that banks shift risk limits toward asset classes where intermediation is more
profitable. We use risk limits, including those banks set based on their own forecasts of RENTD, to
show that a bank directs its trading capacity—both human capital and financial capital—toward
activities where its expertise is most valuable. Comparing activities within the same bank, after
accounting for conditions in each market, we find that banks assign larger limits to the risks they
specialize in and expand them more over time, shift activity toward their core activities as they
approach those limits, and increase recruiting more in their specialties when expected demand rises.

Finally, our paper relates to work on labor frictions in financial intermediation and asset
pricing. Work on intermediary asset pricing and delegated asset management emphasizes managerial
incentives (He and Krishnamurthy, 2013; Cen et al., 2023), and a broader literature studies
managerial skill, matching, and mobility (Berk and van Binsbergen, 2015; Berk et al., 2017; Bonelli,
2025). We focus on traders rather than managers, and we show evidence consistent with traders
having different strategy-specific productivities and with a trader’s knowledge being worth more at

a bank with high organizational capital in that trader’s area of expertise.

2 Model

We present a stylized model to organize and interpret our empirical investigation.

2.1 Setup

We consider 2 < B < oo banks, indexed by b, and 2 < C' < oo groups of related trading activities
(e.g., asset classes), indexed by c. We refer to these groups as clusters. Each cluster consists of a
finite set of risk factors, where a risk factor is a portfolio of traded assets. Each factor f belongs
to one cluster c. We model banks’ decisions in two stages. In the first stage, banks choose hiring
anticipating the customer demand for factor exposures that they will intermediate in the second

stage.

Customer Demand for Intermediation. Customers demand exposure to factor f, supplied by

banks. We denote bank b’s position in factor f as 2,y > 0, the price per unit of intermediation as



ps, and customer demand as dy > 0. The aggregate inverse demand curve for customers is

pr=oad; =Lz, (1)

J
where a > 0 determines how much customer demand raises the price, and £ > 0 is a price impact
parameter that determines how quickly the price falls as banks intermediate more customer exposure.
Customer demand follows a joint distribution with positive, finite second moments, known to all

banks when they make their hiring decisions.

Banks’ Expertise and Hiring. Each bank b is endowed with organizational capital Oy, >
0 in cluster ¢, reflecting its existing models, systems, customer relationships, and experience.
Supplementing its organizational capital, b hires specialists to work in cluster ¢ at an exogenously
given wage of w > 0. We denote hiring as n;. > 0 and define cluster-specific expertise from
organizational capital and hiring as Ej . = Ob,cm?

Greater expertise lowers bank b’s residual payoff risk from managing factor exposures, as could

arise from more effective hedging. Bank b’s residual payoff per unit of exposure to factor f is
€b.p = KkBRy + g,

where KRy is an “explained payoft” component—captured by banks’ risk models—and w; 7 is an
unexplained payoff component. The payoff shock R to factor f, common to banks and captured
by their risk models, is standard normal. Its loading, x > 0, determines the scale of the explained
payoff component. The payoff shock u; y that bank b’s risk model leaves unexplained is normally
distributed with mean zero. We define the variance of unexplained risk at bank b for each factor in
cluster ¢ as oiby c=(0+ Eb’c)_l, where 19 > 0 is the baseline precision of unexplained payoffs. For
bank b, the explained and unexplained components are independent, so &y is normally distributed

with mean zero. Its total residual variance in cluster ¢, vy, is

— =K :
70+ Eb e 70 + Ope/1 + 1

For each bank, residual payoffs are independent across factors and independent of customer demand.

2
Vpe = K™+

(2)

In Equation (2), greater existing organizational capital and specialist hiring lower residual risk.
Organizational capital increases the contribution of an additional worker to the bank’s expertise Ej, .
Experts use their human capital to manage risk more precisely and face less risk than non-experts,
as in Eisfeldt et al. (2023).

Banks’ Problem. Each bank has mean-variance preferences with risk aversion v > 0. Bank b’s

2A substantial portion of organizational capital is, of course, embodied in labor. We primarily seek to distinguish
between existing labor (organizational capital) and new hiring. Our assumed functional form makes higher organiza-
tional capital initially lead to banks hiring more specialists, while also including diminishing returns to additional
hires that keep optimal hiring finite.



trading profit from intermediating z;, ; > 0 units of customer exposure is

.5 = 2b,f (D + Ebf)-

We model each bank’s behavior in two stages. First, it chooses hiring before observing customer
demand. Then, it observes customer demand and chooses its positions in each cluster.

Bank b’s portfolio choice problem in the second stage is

max  2p, f (adf — EZ zj7f) — %vbyczif. (3)
J

2p, 20

Its hiring problem in the first stage, which anticipates this portfolio choice problem, is

max E
{nb,czo}

Z Z {Zb:fpf - ;/Ub,czlg,f}] —w Z Np,c- (4)

¢ fec

Equilibrium. We define a subgame perfect equilibrium as a collection

({noctoes {ps} s (znshon)

such that:

1. given other banks’ hiring choices, each bank b chooses {nb’c}cc:l to solve (4), anticipating the

subsequent equilibrium in prices and portfolios;

2. for every set of hiring choices and realization of customer demand, each bank chooses its

portfolio to solve (3), taking other banks’ portfolios as given;

3. for every factor f, markets clear:

B
pf = adf — EZ Zb,f -
b=1

We establish existence and uniqueness of equilibrium for every ¢ > 0 in Appendix IA.B.

Prices, Banks’ Positions, and Banks’ Hiring. The banks’ first order conditions, together

with customer demand in Equation (1), imply that for factor f in cluster ¢

adf pf (5)

= N Z, = .
P =T 0s (0 v YL T une



Specialist Hiring. Banks’ hiring does not have a general closed form solution. When £ = 0 and

hiring is positive, bank b chooses hiring to satisfy

ST e |1+ 82 (704 Oper /15 e nb,c)r _d’E fejiid?c] One (6)

where E[d%] is the second moment of anticipated customer demand for factor f. The left hand side

increases strictly with hiring, so hiring increases with anticipated customer demand and decreases
with the wage. Hiring additional cluster ¢ specialists reduces b’s residual risk from trading factors
in ¢. With positive hiring, bank b hires until its marginal expected utility from trading equals w.

The bank hires no additional specialists when the marginal value at zero is at or below w.?

2.2 Model Predictions

The first three predictions arise from differences in banks’ organizational capital and their hiring.
Due to the complementarity between organizational capital and hiring, banks concentrate hiring in
activities where their organizational capital is greater. We refer to these activities as the bank’s
core and to activities with less organizational capital as peripheral. A bank can have several core
activities. Within a cluster, we refer to banks with greater organizational capital as specialist
banks. For our predictions, we consider comparable demand across activities, and customers that
are sufficiently price sensitive (or equivalently, sufficiently small ¢ > 0).

We measure bank b’s trading activity in factor f as |z, pxR¢| and cluster activity by summing

across factors.

Prediction 1 (Specialization). Banks allocate more specialist resources to activities where their
organizational capital is greater. These activities account for a larger share of the bank’s expected

trading activity.

Prediction 2 (Specialist Outperformance). Banks earn higher risk-adjusted trading returns in the

clusters they specialize in.

Prediction 3 concerns the accuracy of banks’ risk models. Bank b’s risk model attributes zj xRy
to known exposures and leaves the payoff component z, ru; ; unexplained. Bank b observes this
residual after returns arrive, but its risk model does not explain it through known exposures. For a

positive position, we define bank b’s unattributed share as

|2b, £, f| B % o
|zo, 6 Ry| + |20, punf|  [KRy| + up g

3For our predictions, we consider expertise levels satisfying k2 Ejp . < (1 4+ x279)/+/3, which ensures that additional
expertise remains sufficiently valuable for hiring to increase with organizational capital and for banks with greater
organizational capital to increase hiring more when anticipated demand rises. We derive the hiring choice and its
properties for sufficiently small £ > 0 in Appendix TA.B.



Prediction 3 (Specialists and Model Precision). Banks manage risk more precisely in the clusters

they specialize in, leaving a smaller expected share of PEL from factor payoffs unattributed.

Predictions 1, 2, and 3 arise from differences in banks’ expertise in managing risk. Banks hire
more in activities where their organizational capital is greater, raising expertise and lowering risk
in Equation (2). Lower risk allows the bank to take larger positions and earn higher risk-adjusted
returns. Greater expertise also lowers the expected unattributed share, as in Equation (7).

Prediction 4 concerns hiring when anticipated customer demand changes. We consider a local
proportional increase in dy for all factors in a cluster, anticipated by banks before they hire, and
compare equilibrium hiring with and without this increase. This change in customer demand applies

to all banks trading factors in the cluster.

Prediction 4 (Expected Demand and Specialist Hiring). An increase in anticipated customer
demand in a cluster raises hiring at banks that already hire in that cluster, with a larger increase at
banks with greater organizational capital in the affected cluster. Within a bank, the increase is larger

in its core clusters than in its peripheral clusters.

Prediction 4 can be understood by the fact that an increase in anticipated customer demand
in a cluster raises the marginal value of additional hiring. Banks that already hire specialists in
that cluster therefore increase hiring further. Banks with greater organizational capital hire more to
begin with, and since expertise grows with /I + ny ., raising their expertise by a given percentage
requires more additional specialists. When expertise is low enough that unexplained risk remains
large relative to explained risk, this effect outweighs the diminishing benefit of reducing residual
risk, so these banks increase hiring by more.

The next prediction concerns banks’ positions after making hiring decisions. We consider how a
bank adjusts its positions when its own risk budget tightens.

To study bank constraints, we consider an internal risk budget R on bank b,

Z V/Ub.c Z 2b.f < Rp. (8)
c fec

Bank b’s factor f position has a risk charge equal to its P&L standard deviation, /vy .2 r. The

budget sums these charges without a diversification adjustment. For Prediction 5, we consider a

tightening specific to bank b and unanticipated when banks hire. Only bank b has a binding budget,

while all other banks’ budgets remain slack.

Prediction 5 (Tightening Bank Constraints and Peripheral Contraction). When a bank’s risk
budget tightens, it contracts its peripheral positions by a larger percentage than its core positions

while both remain positive.

A bank’s greater expertise in core activities reduces its risk budget usage per unit of core

exposure. The bank can therefore shed peripheral activities at a lower cost.



Our final prediction concerns the value of specialized traders in banks where their specialization

is core versus peripheral.

Prediction 6 (Specialist Sorting). Under the model’s parameter restrictions, an additional specialist
has greater marginal trading value at the bank with more organizational capital in the specialist’s
cluster, holding all banks’ hiring fixed and comparing banks with the same staffing. A proportional

increase in anticipated customer demand in the cluster raises this difference.

Organizational capital increases the contribution of an additional specialist to the bank’s expertise,
so, at a common staffing level, the same specialist adds more expertise at a bank with greater
organizational capital in the specialist’s cluster. Higher anticipated demand raises the value of this
expertise and so widens the difference between banks. Together, these effects motivate examining
whether specialized traders flow from banks where their specialization is peripheral towards banks
where their expertise is core.

With our model’s predictions in hand, we next turn to describing the data used to test them.

3 Data

The Federal Reserve collects daily data on the largest banks’ trading desks on form FR VV-1 to
enforce the Volcker Rule’s prohibition on proprietary trading. Our data runs from 2014 to 2025.
The most recent data covers large U.S. and foreign banks with at least $20 billion of average gross
trading assets and liabilities, excluding U.S. government securities. Large banks dominate trading,
so the data spans roughly 93% of total U.S.-based trading activity as of 2019. We focus on banks
that provide data consistently through the full sample. We describe how we clean the data in
Appendix TA.A.1.4
The data gives us three related but distinct panels:

1. Date x desk: Each desk reports its profitability, VaR, and trading volume, along with its

name and a description of its trading activities. An illustrative bank may have a desk named
“U.S. equity market making” with a description “The desk makes markets in U.S. equities,

indices, and delta-one linked derivatives and conducts related hedging activities.”

2. Date x desk x risk-factor: Banks attribute a portion of the P&L from existing positions—
positions held at the end of the previous day—to named risk factors, each with a brief
description. They report P&L from new positions arising from the current day’s trading
separately, in aggregate, without a required risk-factor breakdown. New-position P&L includes

commissions, fee income and expenses, and market gains or losses on that day’s transactions.

4Other papers using this data include Falato et al. (2025), who show banks curtailed equity-market trading risk after
the Volcker Rule; Lu and Wallen (2025), who show that bank trading desks behave like toll-taking intermediaries and
bear little market risk; Barbiero et al. (2024), who show that dealer risk limit shocks affect currency market prices;
and Bréuning and Stein (2024) and Li et al. (2025), who study dealer risk limits and Treasury markets.
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The illustrative equities desk’s risk factors might be “U.S. large cap delta,” “short-term interest

rate delta,” and “U.S. equity index basis.” VaR is not available at the risk-factor level.

3. Date x desk x risk-limit: Each desk reports its risk limits and the current utilization of
each limit. Limits take many forms, including VaR limits and limits on underlying risks
(which can be, but do not have to be, the same as the risk factors in the previous panel).
In the second half of the sample, banks also report each limit’s type (VaR, position limit,
sensitivity, inventory age, etc.) and source (risk appetite, regulatory capital, RENTD, risk
reduction/mitigation, etc.). The illustrative equities desk may report a VaR limit in dollar
terms of $100, a position limit in dollar terms based on its expectation of near-term demand
of |$500|, and a sensitivity limit based on an equity index basis in basis points. To make risk
limits more comparable across samples and limit types, we construct a risk limit proximity
variable that runs from 0 (far from limit) to 100 (at limit); values above 100 indicate a breach.

We describe its construction in Appendix TA.A.4.

Each bank reports several desks, a desk reports several risk factors, and a risk factor can carry
several risk limits. Because of the different levels of granularity of the three panels, the available
variables determine the unit of each test. VaR is reported for desks but not for risk factors or
clusters, and the number of desks active in a unit is defined for a cluster but not for a risk factor,
which belongs to one desk. The VV-1 data is also split into two samples given a change in the
reporting requirements in 2020, though we focus on the banks that consistently report across both
periods.

Reported risk-factor P&L accounts for about 11% of comprehensive P&L. This is a material
component of trading profits—roughly $8 billion per year—but most P&L comes from new positions,
for which banks do not report a risk-factor breakdown. New trades and overnight inventory are
managed by the same desks and draw on the same trading mandates and expertise. We therefore
use the reported factors to identify desks’ broader risk-taking specialties, on the premise that the

main risks a desk intermediates during the day are reflected in its overnight inventory.

Returns Banks report neither the size of a desk’s portfolio nor the share committed to each
risk factor, so we cannot calculate conventional percentage returns. We instead scale P&L by the
measure of risk exposure available at each level. At the desk level, banks report VaR, so we divide
daily P&L by the previous day’s VaR in the spirit of Falato et al. (2025):

P&L,

DeskReturn; = VaR,

and we winsorize the variable at the 5th and 95th percentiles to reduce the influence of outliers.
At the risk-factor level, banks do not report attributable VaR. We instead proxy a factor’s

economic risk exposure with the standard deviation of its P&L over the previous three months.
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Dividing the factor’s daily P&L by that standard deviation gives

P&L
FactorReturn; = U(Pi&li)'

Both measures express profits per unit of risk.

Sorting Desks into Asset Classes The data does not, however, provide asset-class classifications
or any grouping of risk factors across banks. We describe how we address these groupings next.
We assign each desk to one of ten asset classes from its name and description: credit, equities,
rates, foreign exchange, securitized and structured products, collateral and financing, commodities,
overlay and counterparty risk (XVA), municipal, and legacy. We combine keyword matching with
supervised classification. We build a keyword list for each asset class by hand and assign a desk
directly when its text matches a keyword that unambiguously signals one class. When the text
matches keywords from more than one class, we break the tie with term frequency—inverse document
frequency (TF-IDF) similarity. Appendix IA.A.2 describes the procedure in detail. A bank can

have many desks in the same asset class.

Sorting Risk Factors into Clusters We group risk factors by their return comovement to
compare trading activities across banks. Banks choose their own factor names and descriptions, so
the same risk can carry different labels at different banks. We pool factors from all desks and banks
within each asset class and use correlations of signed daily P&L scaled by its volatility over the
previous three months. Absolute correlations let factors with opposite exposures to the same risk
belong to the same cluster: our interest is in which risks a desk trades, regardless of whether that
exposure is long or short. We now provide a short sketch of the sorting procedure, and we provide
the full details of the sorting procedure in Appendix IA.A.3 along with robustness checks.

The clustering proceeds in two stages. We first use risk factors observed for at least a year and
require at least a year of overlapping observations to estimate the correlation of all resulting pairs.
We use a hierarchical algorithm to group these factors by successively merging the groups with
the strongest average absolute return correlation, stopping at a chosen correlation cutoff. We set
the cutoff at 0.10, so groups merge only if their average absolute return correlation reaches that
threshold. We then assign shorter-lived factors to the resulting clusters. For each candidate cluster,
we compare the factor with the member whose history overlaps most with its own and require the
correlation to clear both a statistical significance test and the correlation cutoff. Unmatched factors
remain unclassified.

We choose a correlation threshold of p = 0.10. At face value, this seems like a relatively low value.
We choose the cutoff by balancing the statistical power of identifying true non-zero relationships
against economic intuition about the number of clusters that are reasonable within an asset class.
Appendix Figure TA.1 and Appendix Table TA.1 show the tradeoff: equities desks have about 1,500
risk factors, sorting into 273 clusters with the 0.10 threshold. But if we increase the threshold to
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0.15, there are 420 clusters; to 0.25 there are 707, and if we impose strong comovement of p = 0.75
there are 988 clusters—a large share of which are singleton clusters containing a single risk factor.
We choose 0.10 because it balances the number of clusters against sampling noise, since a correlation
of 0.10 is roughly equal to 1.6 standard deviations: under the null of zero correlation with n = 252
independent observations, E[|p|] ~ \/2/7/v/n — 1 ~ 0.05, so |p| = 0.10 is roughly twice the noise

floor we would expect from random variation alone.’

3.1 Summary Statistics

The desk panel spans 814 trading desks and 1.3 million desk—trading day observations (Table 1).
Credit has the most desks over the full sample at 155, followed by equities (152), rates (137), and
securitized and structured products (128). The remaining asset classes have between 24 and 82
desks. On a given day, 99 equities desks, 76 rates desks, and 72 credit desks report.

Desk profitability varies widely, averaging $630,000 (equal-weighted across asset classes) with
an average standard deviation of $5.6 million. The average desk is profitable, with 90th-percentile
profits of $3.2 million against 10th-percentile profits of —$1 million. Equities desks are the most
numerous on a given day and the most profitable, with 99 desks earning $1.5 million a day on
average, followed by foreign exchange at 38 desks and $1.3 million. Average profits are positive in
every asset class except XVA, which rounds to zero. Summing the product of desks per day and
mean profitability across asset classes, trading desks in our sample generate about $335 million in
profits each day, or $84 billion a year.

More profitable desks tend to operate with higher VaR. Foreign exchange desks average $7.5
million in VaR with a standard deviation of $16.0 million, and rates desks average $7.2 million with
a standard deviation of $15.3 million. The 10th percentile is zero in seven of the nine asset classes,
so desks do not always carry material risk exposures; the 90th percentile ranges from $8.9 million to
$17.2 million. Total VaR across all banks is no more than $2.6 billion (the dot product of desks per
day and mean VaR), but that overstates risk because VaR is not strictly additive: exposures across
a bank’s desks offset and hedge one another.

Desks operate under several limits at once. Table 2 summarizes the risk limit panel in the
post-2020 sample, when banks must report each limit’s type and source. The median desk carries 6
limits on a given day and the mean is 9; desks at the 90th percentile face 16 at once. A single desk
can be subject to a VaR limit, several sensitivity limits, a position limit, and a RENTD limit, each
set by a different part of the bank’s risk framework.

The typical limit has substantial headroom. Panel B reports mean proximity of 20 across all
limit-date observations on the 0-100 proximity scale (Appendix IA.A.4). Proximity differs across

limit types: other than the small residual “other” category, position limits run closest to their

® Appendix Figures IA.2 and IA.3 plot additional summary statistics of the correlations of risk factors across banks,
asset classes, and clusters when clustering based on either absolute or signed correlations of the same signed daily
risk-factor return proxies.
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bounds, at an average proximity of 39, followed by VaR limits at 28, while sensitivity and scenario
limits sit lower. RENTD is the most common source of a limit, covering 3.0 million of the 4.5 million
limit-days in the panel. Appendix Figure IA.4 plots weekly averages of proximity and the share of
limits near capacity over the period shown.

Limit breaches are rare. Across all limit types, 14% of limit-days have proximity above 50 and
0.2% above 100 (Panel C). The rates differ sharply across types: position limits are above 50 on
37% of days, compared with 15% for sensitivity limits and 19% for VaR limits. By source, RENTD
limits are above 50 on 13% of days, compared with 22% for risk appetite limits and 5% for risk
reducing limits, although both of those sources are much less common. Banks set RENTD limits
from expected customer flow, and realized flow rarely approaches the forecast.

Panel D shows that near-capacity spells on a single limit are short. The median spell of
consecutive days with proximity above 80 lasts two days, with a 75th percentile of five days and a
mean of seven. These spells are measured for a single limit, not for the VaR-weighted bank-level
constraint used in Section 7.

Limit sizes also change infrequently. On any given day, 0.5% of limits change in size, and increases
and decreases occur at roughly similar rates (Panel E). The median spell between consecutive
changes is 183 days across all limit sources and 162 days for RENTD limits. By type, aging limits
change most frequently, on 1.4% of days, against 0.5% for VaR limits. We use RENTD limit levels
to measure expected demand in Section 6 and deviations of log RENTD limits from their trailing

mean to measure demand shifts in the labor tests of Sections 6 and 7.

3.2 Risk-Factor Clusters

Figure 1 shows the asset-class groupings and up to ten clusters within each displayed asset class,
ranked by the number of member factors and subject to disclosure filtering. Table 3 Panel A
summarizes the risk factors we group into clusters. Most asset classes have hundreds of risk factors,
and the average desk is exposed to eight factors on a given day. Because each desk carries several
factors, the average profit attributable to one factor is small, ranging from —$21,000 in securitized
and structured products to $34,000 in equities. Equities and rates factors have larger tails, with
90th-percentile profits of $400,000 and $363,000.

Panel B of Table 3 reports the cluster counts. The average asset class has about 130 unique
clusters; municipal trading has the fewest, about 30, and equities the most in both eras, matching
the range of tradable products in each asset class. About 6% of clusters contain a single risk factor.

Risk factors within an asset class need not move together. Figure 2 reports average absolute
return correlations within and across asset classes. Average correlations are low when all clusters
are included and rise when the sample is restricted to the largest clusters, measured by the sum of

member factors’ P&L volatilities. Part of that increase follows from forming clusters on correlations.
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3.3 Reporting Incentives

The VV-1 data is connected to two regulations that constrain bank trading: restrictions on proprietary
trading and capital requirements for market risk. Regulators collect the data to monitor compliance
with the Volcker Rule. Supervisors examine desks’ risk exposures, P&L, and customer-facing
activity to assess whether trading is consistent with permitted activities, such as market-making
and underwriting. Unusual patterns or discrepancies can lead to further scrutiny.

The data is also related to market-risk capital requirements. Under the market-risk rule, banks
must hold capital against their trading exposures through charges based on VaR, stressed VaR, and
other risks. The VaR-based charges depend on recent average risk estimates multiplied by a factor,
starting at three. That factor rises when realized trading losses exceed the model’s one-day VaR too
often. These backtesting exceptions can push the multiplier as high as four, unless the supervisor
directs a different adjustment. Repeatedly understating risk is therefore costly: the higher multiplier
can raise the capital required to support the bank’s trading activities. Although the desk VaRs
in our data do not themselves determine the bank’s capital charge, banks must calculate them
consistently with the models and methods used for market-risk capital.

These regulatory uses make banks’ reporting choices consequential. Banks choose their risk
factors and have discretion over their risk models, which naturally leads to concerns that the
dynamics we study reflect artificial modeling or classification choices. But much of banks’ reporting
discretion is subject to supervisory review. A bank must receive prior written approval before
using an internal model to calculate market-risk capital and must notify its supervisor of specified
changes, including nontrivial changes to modeling assumptions or changes that meaningfully affect
risk-weighted assets. Hence, the capital requirements subject the models underlying reported risk to
oversight beyond the Volcker reporting requirement.

The P&L reporting requirements provide another check on the validity of banks’ reported data.
Banks report each desk’s total daily P&L and separate it into new and existing positions. P&L from
existing positions must reconcile across the prescribed attribution categories, including an explicit
unattributed residual. Changing a risk-factor description cannot, by itself, remove the associated
P&L from the desk’s total. Amounts omitted from one attribution category must appear elsewhere
for the report to reconcile. These requirements give supervisors a way to understand discrepancies

between reported trading outcomes and the sources to which banks attribute them.

4 Banks Specialize (Prediction 1)

Prediction 1 says that banks specialize in different clusters of risk factors. We document concentration
from both sides: a few banks account for most of the activity in a unit of risk (either risk-factor
clusters or asset classes), and a few units account for most of a bank’s activity. Each bank’s
allocations persist, and its leading activities differ from its competitors’ These persistent, distinct

specialties form the bank’s core. We begin by documenting concentration and persistence at the
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asset-class level, the coarsest grouping and the one least exposed to how banks name and bucket
their risks. Clusters then show how banks divide activity within asset classes and whether their

core activities differ.

4.1 Concentration and Persistence Across Asset Classes

Asset classes are concentrated across banks. We compute a Herfindahl-Hirschman index (HHI)
from each bank’s share of the asset class’s total desk VaR; the maximum of 10,000 means one bank
holds all of the asset class’s risk. The mean HHI is 3,063, roughly what three equally sized banks
would produce (Table 4). Appendix Table IA.2 reports the HHI by asset class. Repo is the most
concentrated asset class, securitized products and rates the least, and five of the nine sit between
2,000 and 2,600, with foreign exchange and XVA falling in between. Concentration falls with size:
the correlation between the HHI and the log of asset-class activity is —0.35.9

Each bank concentrates its activity in a few asset classes. We rank asset classes by their shares
of a bank’s activity and cumulate: a handful account for most of the bank’s activity (Figure 3).
The figure defines activity as the absolute value of net risk-factor P&L within each asset class.

Banks’ asset-class shares also persist over time. We measure persistence using each activity’s
share of its bank’s total absolute risk-factor P&L. For bank b, activity ¢, and date ¢, define

ACt?:U?:tyb7£7t
Zé/ cb ACtl.Ul.tyb’g/ it ’

Sharey ¢ = (9)
where £ indexes asset classes here and clusters in the next subsection. Activity is the sum of absolute
risk-factor P&L within the asset class or cluster, and the denominator sums across the bank’s
activities at the same level.” We regress each asset class’s share on its own lag, estimating a separate

coefficient for each lag 7, measured in trading days:
Sharey g1 = a + fr Sharey g 1—r + €b.at- (10)

Asset classes that account for a large share of a bank’s activity today tend to remain important at

long horizons (Figure 4, which plots 3, against 7).

4.2 Specialization Within Asset Classes

A bank can dominate a specific risk and still hold a modest share of its asset class. Clusters—groups
of correlated risk factors within an asset class—reveal these finer specialties.

Most clusters are dominated by one or two banks. We calculate HHIs analogous to the asset-class
HHIs above, but since we do not have VaR at the risk-factor level, we build cluster shares from P&L

volatility instead: we sum each risk factor’s trailing 90-day standard deviation of P&L within a

6 Appendix Figure IA.5 provides a scatter plot of asset classes by their HHI.
"For cluster shares, the denominator excludes factors not assigned to a cluster.
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bank-cluster—date, compute each bank’s share of the cluster total, and sum squared shares.® Table 4
reports a mean cluster HHI of 8,871, close to the maximum at which a single bank accounts for all
of a cluster’s risk.”

Concentration again falls with size: the correlation between the HHI and the log of cluster
activity is —0.295, and Appendix Figure TA.7 plots each cluster’s time-averaged HHI against its size.
Only the largest clusters support several participants, and the typical cluster is served by one bank.
Figure 5 shows the pattern within each asset class. Clusters are sorted from left to right by total
P&L volatility, and the large clusters on the left are lighter, meaning more banks.

Each bank concentrates its own activity in a few clusters. To see this, we follow the construction
used in Figure 3. For each bank-day we sum signed risk-factor P&L within each cluster and then
take the absolute value, so offsetting gains and losses within a cluster cancel, and we rank clusters
by their activity shares and cumulate before taking the median across days within a bank and then
across banks. The top 14 clusters account for half of a bank’s activity and 67 clusters account
for 90%, out of 206 clusters (Figure 6). Profits and losses look alike taken separately, at 8 and 35
clusters for profits and 8 and 34 for losses.

Allocations to individual clusters also persist. As in the asset-class persistence test, we take each
risk factor’s absolute P&L before summing within clusters, so offsetting gains and losses do not
cancel, matching the activity measure used in equation (9). We repeat the regression in equation (10)
using each cluster’s share of its bank’s total absolute risk-factor P&L in place of the asset-class
share. The coefficient in Figure 7 is about 0.7 at lags of 1 to 50 trading days and is still about 0.4
at lags near 750.

Banks also differ in which clusters make up their core. Figure 8 reports overlap between banks’
top three and top ten clusters. We rank clusters by their share of a bank’s total absolute risk-factor
P&L within each bank-month. The reported index divides the number of shared clusters by 2K
minus that count and takes the median across months with at least one shared cluster for each bank
pair. When both sets contain K clusters, this index is their Jaccard similarity. The figure shows
low overlap even among months in which the banks share a top-ranked cluster.

It might seem surprising that most clusters are dominated by a single bank. A natural concern
is that this concentration reflects differences in reporting: one bank might combine two risk factors
into a single reported factor while another reports them separately. But banks must report P&L
from existing positions attributable to the specific risk factors “that are monitored and managed
as part of the trading desk’s overall risk management policies and procedures.” Moreover, the
regulation requires banks to report enough factors to explain the preponderance of P&L changes
attributable to risk factors. These requirements weigh against combining risk factors that a desk

monitors and manages separately. We cannot rule out differences in aggregation across banks, but

8 Appendix Table IA.3 shows that desk VaR and the trailing 90-day standard deviation of desk P&L move together
with a coefficient close to one.

9See Appendix Figure IA.6. Standard deviations do not add across risk factors, so the summed measure is an upper
bound on a bank’s activity in a cluster. The results are similar using absolute P&L.
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the reporting requirements tie those differences to how banks monitor and manage their risks.

Two economic mechanisms may also help explain why so many clusters are dominated by a single
bank, although we cannot test them directly with the available data. First, trading desks largely
intermediate and make markets. Their inventories can reflect risks they are unable or unwilling to
lay off, rather than broad positions that are easy to replicate and hedge. These residual exposures
can differ across banks, so the associated risk-factor P&L need not move together. Second, risk
factors can reflect exposures to bespoke, nonlinear, or illiquid instruments. Differences in these
instruments across banks may also produce weak correlations in their P&L. Since residual and
bespoke exposures are likely to be small, these mechanisms help explain why small clusters are
dominated by one bank while the largest clusters include several banks.

Common bank shocks present a separate concern: factors might cluster together because they
share funding conditions or valuation methods. Funding costs generally enter carry, which banks
report separately from named risk-factor P&L. The instructions also call for consistent attribution
methods for common factors across a bank’s desks. These requirements limit a simple explanation
based on common funding shocks, but they do not remove common shocks to positions or correlated
marks generated by a bank’s risk models.

Specialization in a cluster does not imply an undiversified portfolio. We form clusters using the
absolute correlation of signed return proxies, |p;;|, so factors with opposite exposures to the same
risk can belong to the same cluster. A bank can therefore concentrate its trading in a few risks
while holding offsetting positions within them. Cluster concentration alone does not establish how
much net risk the bank bears.

Appendix Tables IA.4 and IA.5 compare pairwise comovement under two cluster constructions.
The first uses clusters formed from absolute correlations of signed return proxies and an absolute-
correlation outcome; the second uses clusters formed from signed correlations of the same proxies
and a signed-correlation outcome. Each table regresses the pairwise correlation on indicators for
whether the factors share a bank, an asset class, and a cluster, together with same-bank interactions.
The same-cluster coefficients in column (6) are positive in both tables, 13.25 and 22.22, as are the
same-bank-by-same-cluster interactions, 2.54 and 2.72. The cluster assignments differ across the
tables, so these coefficients describe different groups of factor pairs. The within-cluster comovement

is partly mechanical because the clustering itself uses comovement.

5 Specialist Outperformance (Predictions 2 and 3)

So far we have shown that banks specialize insofar as they put a disproportionate share of their
trading books toward specific asset classes and risk factors, and those allocations are persistent.
But that does not necessarily mean that banks are unusually talented at managing risk in those
positions. The obvious corollary to specialization is that it should be profitable if it stems from

expertise. Predictions 2 and 3 say that a bank should earn higher risk-adjusted returns and hold

18



more precise risk models where it specializes. We test both predictions at the desk level, where
returns, P&L attribution, and VaR are reported.

We measure specialization by the share of a bank’s own activity devoted to a desk, risk factor,
risk-factor cluster, or asset class, using the share construction in equation (9). Our regression

measure, Specialist, is the standardized trailing mean of this share:
Specialisty ;, = Sharey g (190, t—1] (11)

where b denotes the bank, ¢ the level of aggregation (asset class, desk, risk factor, or cluster), and ¢
the date. The measure tells us if a larger share of the firm’s absolute value of P&L is in a given
exposure. The bar denotes the mean over available observations in the 90 calendar days before t,
and we standardize the variable to have mean zero and unit standard deviation.

Specialization can describe a bank’s importance in a market or an activity’s importance within a
bank. A bank may account for a large share of all banks’ activity in an asset class, or it may devote
a large share of its own book to that asset class or risk. We use the second definition. Large banks
can hold large market shares in several asset classes simply because of their scale. Banks operate at
different sizes for reasons beyond their allocation of trading expertise. We take bank size as given
and ask how a bank allocates its trading activity across its own book.

An alternative measure of specialization, following Blickle et al. (2025), compares a bank’s
portfolio weights with those of the market. A bank specializes in an asset class when that class
accounts for a larger share of its own portfolio than of the market portfolio. This measure also
accounts for bank size, but asks whether the bank overweights an activity relative to the market.

Appendix Figure IA.8 shows that it is positively related to our measure at the asset-class level.'?

5.1 Specialists Earn Higher Risk-Adjusted Returns (Prediction 2)

We now test if specialists have higher risk-adjusted profits by regressing our return proxy, ry 4, on
the specialist measure. We run this regression at the desk level, which is the most granular level for

which we have VaR, the denominator in the desk-level return proxy. We estimate
Thdt = P Specialistbyd,t + at + Opt + Eb,d ts

where a; are asset-class-by-date and d;; bank-by-date fixed effects.

Specialist desks earn higher risk-adjusted returns than other desks at the same bank. Column
(4) of Table 5 reports our preferred specification. Bank-by-date effects remove shocks common to a
bank’s desks on a given day and asset-class-by-date effects remove common return movements within

each asset class. The coefficient therefore compares a bank’s desks on the same day, adjusted for

a , VaRy/ .
10We construct the Blickle et al. (2025) analogue as YoRvar Zb Yl where VaRp,q,¢ is desk-level VaR

Za’ VaRy, o/ ¢ Zb’,a’ VaRy/ o1 ¢

summed within bank b and asset class a on date t.
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conditions in each desk’s asset class. A one-standard-deviation difference in Specialist is associated
with daily P&L higher by 0.06 units of lagged VaR, or 5.77% of lagged VaR.

To gauge the magnitude of the coefficient of about 0.06, we use the summary statistics in Table 1
to translate the estimate into dollars. Weighting the asset-class means by their desk-day observation
counts gives average desk VaR of about $5.77 million and average daily P&L of about $745,000. At
this level of risk, a one-standard-deviation increase in Specialist is associated with about $333,000
more daily P&L, or about 45% of average daily profits.

The association also holds as a given desk’s specialization changes over time. Column (7) retains
bank-by-date and asset-class-by-date effects and adds desk fixed effects and the Blickle et al. (2025)
market-deviation control. Desk effects remove persistent differences across desks, so the coefficient
relates changes in a desk’s specialization to changes in its returns, net of common bank-day and
asset-class-day movements. A one-standard-deviation increase in Specialist is associated with an
increase of 0.09 in that desk’s daily P&L per unit of lagged VaR, holding fixed the bank’s portfolio

weight in the asset class relative to the market’s.

5.2 Specialists Have More Precise Risk Models (Prediction 3)

Specialization can raise profits through several mechanisms. Strong customer relationships or market
power could make a bank’s core activities more profitable without any advantage in technical
expertise. Our model links outperformance to knowledge capital: specialized traders contribute
to a bank’s knowledge capital (expertise) in an activity, and that knowledge is reflected in more
precise risk models (Prediction 3). We examine this mechanism using desks’ P&L attribution, asking
whether specialists have more precise risk models.

For existing positions, banks report P&L attributed to movements in named risk factors, along
with carry, other attributable components, and a residual item. For each desk-day we build an
unattributable share, the unattributed item divided by the sum of the included absolute P&L

components:

Unattributable Sharey g, =

|Other Unattributed Profit & Loss, 4 4|
|Risk Factor P&Ly q4| + |Carry PEL, 4| + |Other Unattributed Profit & Lossy, 4|

(12)

The ratio runs between 0 and 1. A smaller value means that the unattributed component accounts
for less of the absolute P&L components.!!

Figure 9 plots a binscatter of the unattributable share against Specialist. The left panel shows

H«Other Unattributed Profit and Loss” (Item 10) is “any other profit and loss on existing positions that is not
reported [in the other items].” “Risk Factor P&L” (Item 4) is “...the profit and loss from existing positions due to
changes in the specific risk factors monitored and managed as part of the trading desk’s overall risk management
policies and procedures ...”7 “Carry P&L” (Item 7) is “...the profit and loss due to changes in carry. Generally,
this item includes funding costs ...”
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that specialist desks better account for their sources of P&L. The right panel plots the unattributable
share against desk tenure, the cumulative number of trading days on which the desk reports P&L and
a rough proxy for specialization, expressed in years. Longer-lived desks have lower unattributable
shares, consistent with learning by doing.

The raw relationship could simply reflect that some banks generally have better models. We
test the relationship between specialization and model accuracy within a bank in Table 6. Column
(3) compares within a bank and asks whether the unattributed component accounts for less of the
absolute P& components at a bank’s specialist desks than at its peripheral ones. A one-standard-
deviation increase in Specialist lowers the unattributable share by about 1 pp.

The result changes little across outcome definitions and comparisons. Columns (1) to (3) use
the main definition of the unattributable share and columns (4) to (6) an expanded denominator
that also includes |Other Attributable P&Ly 4|, leaving the numerator unchanged.'? The coefficient
ranges from —0.011 to —0.010 across the six columns. Columns (1) and (4) hold bank and date
effects, comparing all desks reporting on the same date net of each bank’s average level. Columns
(2) and (5) hold bank and asset-class-by-date effects, comparing desks in the same asset class on the
same date net of bank effects.!?

Another way to see specialization and model accuracy is the fineness of the risk model itself.
We measure reporting granularity by the number of distinct risk factors to which a desk attributes
nonzero P&L on a given day. Information-choice models predict the same pattern: investors with
limited capacity choose which risks to learn about, and increasing returns push them to concentrate
learning on the assets they specialize in (Van Nieuwerburgh and Veldkamp, 2010; Kacperczyk et al.,
2016).

Specialist desks report their risks in greater detail. Column (3) of Appendix Table TA.7 regresses
the log number of risk factors a desk reports on its specialization measure, with bank-by-date and
asset-class-by-date effects. A one-standard-deviation increase in Specialist is associated with a 12%
increase in the number of monitored risk factors. Moreover, column (5) shows that the relationship
between the unattributable share and the specialist measure continues to be negative—though

smaller—when we control for the log number of risk factors the desk tracks.

6 Customer Demand and Banks’ Resource Allocations

The results so far describe where banks concentrate their trading and how well those activities

perform. We next ask how banks allocate their trading capacity across activities with different

12¢Other Attributable Profit and Loss” (Ttem 5 in the FR VV-1 data) is “...any portion of the daily profit and loss
produced by revaluing the positions held at the end of the previous day using the market data at the end of the
current day that is not specifically attributed to changes in risk factors monitored and managed as part of the
trading desk’s overall risk management policies and procedures.”

13 Appendix Table IA.6 includes the market-deviation control. Its first three columns retain the main outcome
definition; its last three also add absolute other attributable P&L to the numerator, so those columns change both
the outcome and the controls.
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levels of expected customer demand. The model predicts that capacity follows expected customer
demand. Banks can allocate capacity by choosing which markets to participate in and recruiting
traders. We examine both margins: how many desks and banks trade in high demand clusters, and

where banks recruit traders.

6.1 Clusters with Higher Demand Have More Desks Active (Prediction 4)

High demand risks should draw more of banks’ trading capacity, as higher anticipated demand raises
specialist hiring in the model (Prediction 4). We test this prediction at the cluster level, treating the
desks active in a cluster as the specialist capacity banks devote to it. Banks choose how to organize
their desks, and desk classifications are comparable across banks only at the broad asset-class level.
Our clustering method groups risk factors within each asset class by their comovement across banks,
giving us common categories in which to measure demand and count participating desks and banks.
We ask whether more desks and banks become active in a cluster over the following month or
quarter when demand for that cluster is higher than usual.

Customer demand is difficult to observe directly, so we use four proxies based on realized trading
activity and banks’ own demand forecasts. Two use realized trading: the cluster’s trailing 90-day
average of daily total absolute risk-factor P&L across all banks (Activity Level) and its standard
deviation over the same window (Activity Volatility). The other two use the risk limits banks set
from their RENTD forecasts.

RENTD is a term of art covering the demands of clients, customers, or counterparties. Under
the Volcker Rule’s market-making exemption, a trading desk’s activities must be designed not to
exceed this demand, taking account of the liquidity, maturity, and depth of the relevant market.
Internal limits calibrated to this demand are subject to supervisory review. Given their role in
implementing the Volcker Rule, we view RENTD limits as reliable and accurate measures of banks’
own expectations of demand.

Risk limits take several forms, including VaR, position, and sensitivity limits. A sensitivity
limit constrains a desk’s exposure to changes in a particular risk factor, such as an interest rate or
exchange rate. The reporting form links sensitivity limits to the risk factors used to attribute P&L,
allowing us to assign these limits to our clusters. We keep sensitivity limits that are denominated in
U.S. dollars, linked to a reported risk factor, and justified by RENTD. We measure each limit’s
capacity as the larger of the absolute values of its upper and lower bounds. RENTD limits record
expected demand before the trading they are meant to accommodate. That timing likely makes
them more useful than proxies built from realized activity.

A bank can have several limits within a cluster because the cluster can contain several of its
risk factors, including factors reported by different desks. A single factor can also carry more
than one limit. For each bank, cluster, and day, we calculate both the mean and the sum of limit
capacities. We then average the bank-level means across reporting banks (Average RENTD Limit)

and separately average the bank-level sums (Total RENTD Limit), giving each bank equal weight.
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Suppose two desks at one bank report risk factors assigned to the same cluster, with limit
capacities of $100,000 and $300,000, while another bank reports a single limit of $1 million in that
cluster. The Average RENTD Limit is then $600,000, the average of the banks’ means of $200,000
and $1 million, and the Total RENTD Limit is $700,000, the average of their totals of $400,000 and
$1 million.

Using banks’ forecasts reduces the concern that our demand measure simply reflects the realized
activity we seek to explain. But these limits do not identify exogenous demand shocks: clusters
with larger limits may differ from other clusters in ways we do not observe.

For cluster ¢ in asset class a(c) on date ¢, we estimate
Number of Desks, ;1) = B Demandet + e + Ya(e)t + Ecits (13)

where Number of Desks, ;15 1s the maximum daily count of distinct desks active in cluster ¢ over
the following h calendar days, h € {30,90}, and Demand,; is one of the four proxies, logged and
standardized to zero mean and unit variance. A desk counts as active in a cluster on a day when it
reports at least one risk factor assigned to that cluster. A positive S therefore says that more desks
participate in a risk cluster when demand is high.

After stripping out persistent differences across clusters («.) and daily conditions shared by
clusters in the same asset class (74(c)+), we compare each cluster with itself over time. We ask
whether more desks participate over the following month when demand in that cluster is higher
than usual, beyond what common movements in its asset class would predict.

Higher demand is associated with more desks participating in a cluster (Table 7). In column (5),
a one-standard-deviation increase in log Average RENTD Limit is associated with 1.04 additional
desks at peak participation over the next 30 days. That is about one additional desk, or roughly
a one-third increase relative to a benchmark of three desks per cluster. The Total RENTD Limit
measure gives a similar estimate of 1.01 additional desks. The activity-based estimates are smaller:
0.511 desks for a one-standard-deviation increase in log Activity Level and 0.429 for log Activity
Volatility. The RENTD estimates use a smaller sample because limits are reported only in the
post-2020 sample.

The desk results also hold over three months and in a monthly panel. The three-month estimates
are somewhat smaller than the one-month estimates: 0.47 compared with 0.51 for Activity Level, and
0.89 compared with 1.04 for Average RENTD Limit. To reduce overlap between forward windows,
columns (9) and (10) re-estimate the RENTD specifications using one observation per cluster each
month, with participation measured over the next 30 calendar days. The coefficients are 1.120 for
Average RENTD Limit and 1.107 for Total RENTD Limit, close to the daily estimates and both
significant at the 1% level.

A desk is a standing organization with traders, systems, and reporting lines. Adding desk

participation therefore differs from changing the capacity of desks already active in a cluster.
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Expertise takes time to build, and a new participant competes against incumbents with already
installed organizational capital.

The estimated differences in bank participation are smaller. Appendix Table IA.8 repeats the
regressions using the maximum daily number of distinct banks (in lieu of desks). A one-standard-
deviation increase in log Activity Level is associated with 0.2 additional banks over the following
month. The one-month estimates are 0.14 banks for the Average RENTD Limit and 0.09 for the
Total RENTD Limit. The RENTD coefficients are positive but mostly statistically insignificant.
The sample contains relatively few banks because we require consistent reporting from 2014 to 2025,

so the limited precision of the bank-count estimates is not surprising.

6.2 Specialists’ Hiring is More Responsive to Customer Demand (Prediction 4)

If expected customer demand rises, banks should seek additional traders in the markets where
their expertise is most valuable. We test this prediction using a bank—asset-class—month panel of
trading-related job postings. The outcome is either the number of openings or an indicator for
whether the bank posts any opening in that asset class during the month. We exclude internships and
campus programs, which recruit workers before they have developed specialized trading expertise.
Appendix TA.A.6 describes how we classify postings and link repeated advertisements for the same
vacancy.

We use the same own-activity-share approach to specialization as in the earlier tests, here
measured at the asset-class level using absolute desk-level comprehensive P&L. The table reports
two versions: AC Share uses the previous month’s average share, while Specialist averages the share
over the previous three months. Both are expressed in standard-deviation units.

As in the earlier demand tests, RENTD capacity measures banks’ expectations of near-term
customer business. For each asset class and month, we construct a market-wide mean of RENTD
capacity.'* Demand Shock is the log of this mean minus its average log value over the current and
previous two months, which we also standardize. A higher value indicates that banks expect more
customer business than in recent months.

Note that we measure specialization before the posting month to capture where the bank already
concentrates its trading business. We measure expected demand during the posting month to ask
whether banks respond to growing customer business by recruiting more in their existing specialties.

We test whether banks recruit more in their specialties when demand expands:

Postingsy, ., = 1 Specialisty, , ;1 x Demand Shocky ¢

+ B2 Specialisty 4,1 + Q. + bt + Vart + Ebat- (14)

Bank-by-asset-class effects a3, account for where each bank usually recruits. Bank-by-month

1We first average capacity across reported risk-factor limits within each bank-asset-class—day, then average these
bank-day means within the asset class and month.
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effects dp ¢ account for changes in its overall recruiting, and asset-class-by-month effects ~,; account
for hiring conditions shared by banks in the same market. We therefore compare how a bank
directs recruiting across its asset classes, after accounting for conditions in each market. A positive
interaction means that an increase in expected demand is associated with more additional recruiting
where the bank specializes more.

Table 8 shows that banks increase recruiting more in their specialties when expected demand
rises. We focus on the even-numbered columns, which include asset-class-by-month effects to
account for hiring changes shared by banks in the same market and month. These effects absorb,
for example, a general increase in commodities recruiting in June, allowing us to ask whether a
bank’s recruiting response favors its specialties beyond those common changes. They also absorb
the demand measure’s main effect. The odd-numbered columns omit these effects and separately
estimate the response to demand at average specialization and the additional response where banks
specialize more.

Consider two asset classes at the same bank whose Specialist scores differ by one standard
deviation. In column (4), a one-standard-deviation increase in expected demand in each asset class
is associated with an additional 0.12 postings per month, on average, in the more specialized class
relative to the less specialized class. This difference is about 14% of average monthly postings, using
the mean of 0.88 postings per bank and asset class in the broader postings sample. Making the
same comparison using the previous month’s AC Share gives a similar difference of 0.10 postings
(column (2)).

The last four columns ask whether this recruiting response also makes banks more likely to
advertise any opening. Using Specialist, the same increase in expected demand is associated with a
1.5 pp larger increase in the probability of posting an opening in the more specialized asset class
(column (8)). Using AC Share gives a smaller difference of 0.8 pp that is statistically insignificant
(column (6)).

A bank can also change the capacity behind a risk factor without changing which desks participate
or whom it hires. We next examine this choice through the limits banks set for individual risk

factors.

7 Risk Limits and Reallocation Within and Across Banks (Predic-
tions 5 and 6)

Thus far, we have shown that banks earn more where they specialize and recruit more in those
activities when expected demand rises. We now examine how banks allocate risk limits and reallocate
activity and expertise. When its risk budget tightens, a bank should preserve its specialist activities
relative to the rest of its book (Prediction 5). Expertise should also move toward banks where it is
more productive: traders should move toward employers that specialize in their skills, particularly

when expected demand rises (motivated by the complementarity in Prediction 6). We examine these

25



choices using daily risk limits and trading activity and monthly data on trader moves.

7.1 Specialization and Risk-Limit Allocation

Before examining how banks adjust trading when constraints tighten, we document how they allocate
risk limits across their activities. The higher returns banks earn where they specialize give them a
reason to put more capacity behind those risks. Their limit choices let us examine whether they do
so. We ask whether banks set larger limits for their specialist activities, use more of that capacity,
and expand it more over time. When usage approaches a limit, the bank also faces a choice about
where to accommodate additional business. We ask whether banks are more willing to raise limits
in the risks they specialize in.

A large limit need not leave much unused capacity. We measure how closely a factor operates
to its limits using Proximity, which equals 0 at maximum slack, 100 at the bound, and more than
100 when usage breaches the limit. When several limits apply to a factor, we use the highest value
across them, so the measure records its tightest constraint. Proximity can rise because usage of the
limit increases or because the bank lowers the limit. It therefore measures how close usage is to the
reported bound. We classify a factor as near capacity when proximity exceeds 80. We describe the
construction of Proximity in Appendix TA.A 4.

Table 9 relates limit size and proximity to specialization. Every column includes cluster-by-
date fixed effects, which account for daily conditions shared by factors in the same cluster. Our
preferred specifications, the even columns, also include bank-by-date fixed effects. These remove
daily conditions shared by a bank’s activities, such as a bank-wide change in risk appetite. We
therefore compare the bank’s own risk factors on the same day, after accounting for conditions in
each factor’s cluster.

Banks have larger limits where they specialize and operate closer to those limits. A one-standard-
deviation increase in Specialist is associated with a log RENTD limit higher by 0.51 in column (2).
This corresponds to about 66% larger limits, a substantial difference in the capacity banks assign
to their activities.!> The same increase in Specialist is associated with Prozimity higher by 0.18
standard deviations in column (4). The probability of operating near capacity is higher by 2 pp
(columns (6) and (8)), whether breaches are included in the near-capacity measure or excluded from
it.

And specialization also predicts subsequent increases in capacity. For risk factor ¢ on date t, we

measure the change in its total limit capacity as
.o —— fwd ..
ALimity p, = 100 X {ln(Lzmztith + 1) — In(Limit; + 1)} ,

where LZTrth,LftW;Z1 is the average limit over available observations in the following h calendar days, with

h € {14,30,90}. The outcome compares the average capacity available over the forward window

5The percentage difference is 100(e%*' — 1).
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with the capacity available today. Multiplying the log difference by 100 expresses the change in log
pp- We winsorize the outcome at the 1st and 99th percentiles.

We estimate

ALimity p, = B1 Prozimity;, + B2 (Proximity,, x Specialist;) + (3 Specialist
+ X5y 4 i+ et + Opt + it

where i identifies a risk factor at a particular desk and bank, c its cluster, and b its bank. The
interaction asks whether banks increase limits more in response to Proximity when the factor
accounts for a larger share of their trading activity.

The fixed effects let us compare changes in capacity across a bank’s own activities. Bank-by-date
effects d,; remove common changes across the bank, and cluster-by-date effects a; remove common
conditions in each cluster. Limit fixed effects n; account for persistent differences across factors in
subsequent limit growth. After removing these differences, we ask whether a factor has greater limit
growth when it accounts for more of its bank’s activity.

The controls X;; account for current limit size and past adjustments. We include the log of the
current limit because the same dollar increase produces a larger proportional change in a small limit.
We also include the trailing 90-day standard deviation of the log limit to account for differences in
how much limits have varied recently.

Limit growth is higher in the risk factors where banks specialize. Columns (1)—(3) of Table 10
include Specialist along with the controls and fixed effects. In column (2), a one-standard-deviation
increase in Specialist is associated with 0.15 log pp more growth in average limit capacity over the
following 30 days. The estimates are 0.05 over 14 days and 0.50 over 90 days. Moreover, the size
of the coefficients matches intuition, since there is likely some delay in the bureaucratic process
required to increase a limit, so specialization better predicts increased limits at longer horizons.

Factors operating closer to their limits also have greater subsequent limit growth. Columns
(4)-(6) add Proximity and its interaction with Specialist. At the average specialization in the
construction panel, a one-standard-deviation increase in Proximity is associated with 0.55 log pp
more limit growth over the following 30 days. The estimates are 0.25 over 14 days and 1.11 over 90
days. The insignificant interaction indicates that we do not detect a stronger response to Prozimity
in specialist activities.

Combined, the results show that banks assign larger limits to the risks they specialize in and
operate closer to those limits. These limits also grow more over time, consistent with banks directing
additional capacity toward activities where their expertise is most valuable. Limits grow more when

usage approaches the bound, providing room for additional trading.
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7.2 Constrained Banks Retreat to Their Core (Prediction 5)

If specialization is a deliberate allocation of limited intermediation capacity, a bank with less capacity
to deploy should cut where the expertise is cheapest to give up. We ask whether it preserves activity
in the risks it specializes in relative to the rest of its book. Each observation is a risk factor reported
by a desk at a bank on a day. Specialist is the risk-factor measure in equation (11): the factor’s
daily share of the bank’s total absolute risk-factor P&L, averaged over the previous 90 calendar
days and standardized over the full risk-factor panel.

We measure pressure on the bank’s trading capacity using all its reported risk limits. A bank-level
measure lets us ask how the bank allocates activity across its own risks when more of its trading
business approaches its limits. Let Py be the highest proximity across desk d’s limits on date ¢, and

let

_ VaRgz1
Zd’eb VaaRd/7t_1

Wy

Our first measure is the share of the bank’s lagged desk VaR accounted for by desks whose maximum

proximity exceeds 80:

Near Capacity,, = Z wqr 1{ Py > 80}.
deb
This share runs from zero to one. Our continuous measure, Utilization, is constructed from the
VaR-weighted average of the desk proximity scores, >, waiPa:. Weighting by VaR gives more
weight to desks that account for more of the bank’s measured trading risk. Desk proximity equals
100 at the limit and can exceed 100 when usage breaches it.
We measure trading activity by the absolute P&L attributed to a risk factor. For bank b’s factor

f on date t, we calculate
A Activityy gy, = 100 x [ln (Actz’m'tylf;vsh + 1) —In (Activitygﬁﬂ + 1)} ,

where the forward term is average absolute P&L over the following h calendar days and the trailing
term is its average over the previous 90 calendar days. We use h € {1,3,5} and express the change
in log pp.

These short windows let us examine daily adjustments in activity as banks approach their limits.
Table 2, Panel D, reports a median near-capacity spell of two days for an individual limit. The spell
length describes individual limits rather than the persistence of the bank-level constraint measure.

We estimate
AActivityy sy, = 51 (Constmintbt X Specialistbft) + B2 Specialisty gy + Opt + et + Ebft,

where Constraint is either Near Capacity or Utilization and c is the factor’s cluster. A positive
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interaction coefficient means that activity shifts toward more specialized factors as the bank
approaches its limits.

The fixed effects separate this allocation decision from changes shared by the bank or the market.
Bank-by-date effects dp; remove bank-wide changes in activity, including the main effect of the
constraint measure. Cluster-by-date effects a.; remove conditions shared by risk factors in the same
cluster. We therefore compare a bank’s own factors on the same day, after accounting for conditions
in their clusters. The interaction asks whether the difference in activity growth between specialist
and peripheral factors becomes larger when the bank is closer to its limits.

Table 11 shows that banks expand activity more—or cut it back less—in their specialties than
in their peripheral risks when they approach their limits. In column (1), the interaction between
Near Capacity and Specialist is 14.30. Consider two risk factors at the same bank whose Specialist
scores differ by one standard deviation. A ten-percentage-point increase in the bank’s near-capacity
share is associated with a 1.43 log percentage point increase in the difference in next-day activity
growth between the more specialized and less specialized factors. The corresponding interaction
coefficients over three and five days are 10.86 and 6.20.

The even-numbered columns use the continuous Utilization measure. Its interaction with
Specialist is positive and statistically significant over one and three days. The five-day estimate is
positive but statistically insignificant.

Appendix Table IA.9 replaces the main table’s bank-by-date fixed effects with bank fixed effects
while retaining cluster-by-date effects. This lets us compare activity in the same risk cluster on the
same day across more- and less-constrained banks, after accounting for persistent differences across
banks. At average specialization, activity is lower at banks closer to their limits, indicating that
banks pull back while cutting proportionally less in their specialties.

When competitors approach their limits, they may have less room to accommodate customer
trades, creating opportunities for other banks. Appendix Table TA.10 examines whether the
relationship between specialization and activity growth varies with competitors’ constraints. We
compare changes across a bank’s clusters, accounting for changes affecting the whole bank, conditions
shared by all banks trading the same cluster, and persistent differences in the bank’s activity growth
across clusters.

The within-bank results show that activity shifts toward a bank’s core as it approaches its limits.
Bréauning et al. (2026) show that constraints propagate within banks across asset classes through
the internal allocation of risk limits. Our results relate the allocation across a bank’s risk factors to

its specialization in those activities.

7.3 Expert Traders Sort Across Banks

In the model, specialized traders and organizational capital jointly give rise to expertise, and
organizational capital raises the marginal value of a specialist at a common staffing level (Prediction 6).

Having shown in Section 6 that banks recruit more in their specialties, we examine monthly
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employment histories to see whether traders move toward more specialized employers. These tests
capture the slower adjustment of staffing that complements the higher-frequency allocation of

trading activity.

7.3.1 Realized Trader Flows

If specialization reflects genuine expertise that is costly to build, then the labor market should
respect these investments (motivated by the complementarity in Prediction 6). A trader working in a
peripheral asset class at one bank—e.g., a commodities trader at a bank that primarily intermediates
rates—holds expertise that is possibly underinvested in at the current employer but potentially
valuable elsewhere. We test whether such traders are more likely to move, and conditional on
moving, more likely to land at a bank where their asset class is core. Two channels could amplify
this sorting: demand shocks that raise the value of the trader’s expertise at receiving banks (a pull
channel), and binding constraints at the origin bank that force it to shed peripheral activity first (a
push channel).

We use a monthly panel from Revelio Labs that records traders’ employers, job descriptions,
and seniority. We assign asset classes using the recorded positions and job descriptions, as described
in Appendix TA.A.5. We follow anyone observed in a trading role at any point, including months
when their title is not a trading title. The data covers 25,000 people with trading roles, 5,448 hires
by banks in our sample, and 3,374 hires between covered banks. A move is a change in employer
between consecutive observed employment records, which need not be consecutive calendar months.

We measure how central a trader’s field is to the bank using the monthly asset-class share of
trading activity defined in the postings tests. A position is peripheral if the trader’s asset class
accounts for less than the bank’s median share across its asset classes that month, and core otherwise.
The same field can therefore be peripheral at one bank and core at another.

We first test whether traders are more likely to leave banks where their field accounts for a

smaller part of the business:
100 x I(Moved); s = o + 8 Origin AC Share; ; + X ;v + €i.

The indicator equals one if trader ¢ changes employers by the next observed employment record.
Origin AC Share is the origin bank’s share of trading activity in the trader’s asset class, standardized
within each month across bank—asset classes. Higher values mean the trader works at a bank with a
larger business in that field. The controls X;; include fixed effects and, where indicated, seniority.

Table 12 shows that traders in peripheral positions leave more often. Our preferred column
(2) includes bank and asset-class-by-month effects, comparing traders in the same field and month
across banks after accounting for persistent differences in turnover across banks. Consider two
traders in the same field and month whose employers’ asset-class shares differ by one standard

deviation. The trader whose employer has the smaller share is 0.04 pp more likely to move. The
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estimate is stable across specifications that add month x asset class fixed effects (columns 2 and 3)
to absorb common shocks (e.g., regulatory changes, profitability shocks) that affect all traders in a
given asset class-month. Column 3 shows that senior traders are less likely to move overall. Column
4 restricts the sample to senior traders only and again finds that traders in less central fields are
more likely to move.

Peripheral traders could leave because of pressure at their current employer or better opportunities
elsewhere. Columns (5) and (6) examine the push channel using the origin bank’s VaR-weighted
share of desks near capacity. We take the last daily value of this measure in each month and
standardize it over the trader-month panel. A one-standard-deviation increase is associated with a
0.032 pp increase in the probability of changing employers (column (6)), significant at the 10% level.
Column (5) asks whether this relationship is stronger for traders in peripheral fields by interacting
the bank’s constraint with Origin AC' Share. The interaction is statistically insignificant, so we do
not detect disproportionately greater departures among peripheral traders when their employers
become more constrained.

We examine the pull channel in two ways. First, columns (7) and (8) ask whether traders leave
more often when expected demand is higher in their next observed asset class. Neither the demand
level nor the demand change has a statistically significant relationship with departures. These
estimates do not establish that rising demand makes traders more likely to change employers.'6

Second, we ask whether traders who move join banks where their expertise is more central.
Appendix Table TA.11 gives an initial view of destinations for 394 moves between covered banks. Of
the 97 traders leaving peripheral positions, 70% join banks where their field is core. Among traders
leaving core positions, 86% also join banks where their field is core.

To examine these destinations more closely, we restrict attention to traders who change banks
and remain in the same asset class. We measure the change in their employer’s asset-class share as
the destination bank’s share in the trader’s field minus the origin bank’s share. A positive change
means that the trader joins a bank that devotes a larger fraction of its trading business to that

specialty. We regress this change on whether the trader left a peripheral position:
AAC Sharejy = o + B1(Peripheral); + + X;t'y +€it

The coefficient 5 compares the change for peripheral movers with the change for core movers. Every
observation is a move, so the test describes where traders go conditional on changing employers.
Columns (1) and (2) of Table 13 show that peripheral movers experience larger increases in their
employer’s specialization in their field. Among 205 moves, the increase in the employer’s asset-class
share is 6.9 pp greater for traders leaving peripheral positions than for those leaving core positions,
after accounting for asset-class and month effects. The difference is 7.2 pp when we control for

seniority. Note that part of this comparison is mechanical: peripheral traders start from lower

Demand is matched to the trader’s next observed asset class. Asset-class-by-month effects use the origin asset class
and absorb demand changes shared by traders who remain in the same field.
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shares, and that starting share enters both their classification and the measured change.
If growing customer demand raises the value of expertise, this sorting should strengthen when
expected demand in the trader’s field rises (motivated by the complementarity in Prediction 6).

Columns (3) and (4) test this hypothesis by interacting peripheral status with Demand Shock:

AAC Sharejy = a + B I(Peripheral); ; + 2 Demand Shockq, ¢
+ B3 I(Peripheral); s x Demand Shock, ; + X;ﬂq +eit

Demand Shock uses the same RENTD-based measure as the postings tests, standardized separately
over the trader panel. A positive interaction means that rising demand is associated with a larger
increase in the new employer’s specialization for peripheral movers relative to core movers.

A one-standard-deviation increase in Demand Shock is associated with an additional 2.83 pp
increase in the employer’s asset-class share for peripheral movers relative to core movers (column
(3)). The difference is 3.58 pp when we control for seniority (column (4)). The comparison uses
77 moves with limit data and includes month effects but omits asset-class effects, so the test is
underpowered and the evidence is suggestive.

These results are consistent with traders moving toward banks where their expertise is more
valuable. Traders leave more often when their field is peripheral to their employer, and peripheral
movers experience larger increases in their employer’s specialization in that field, particularly when
expected customer demand rises. The departure regressions do not establish whether pressure from

the current employer or better opportunities elsewhere explain those moves.

7.3.2 Internal Movers

Traders can also move within a bank. These moves let us ask whether staff shifts toward the
bank’s larger businesses and whether expected customer demand strengthens that shift. Asset-class
specialization need not prevent traders from applying some skills in another field or developing
new expertise. Indeed, a bank may find it less costly to train an existing employee than to hire a
specialist from another firm.

The between-bank tests follow traders who remain in the same asset class, providing the more
direct test of whether existing expertise moves toward more specialized employers. Here we follow
traders who remain at the same bank but change asset class. The employment records do not
identify moves between desks within an asset class.

Columns (5) through (8) of Table 13 examine 832 internal moves among traders observed in the
panel for more than 12 months. Of these moves, 355 have the limit data needed for the demand test.
The outcome is the bank’s share of trading activity in the trader’s new asset class minus its share in
the old one. A positive value means the trader moves into a larger part of the bank’s business. As
in the destination tests across banks, every observation is a move.

Traders leaving peripheral asset classes move further toward their bank’s larger businesses. After
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accounting for bank and month effects, the increase in asset-class share is 18.3 pp greater for these
traders than for traders leaving core asset classes (column (5)). In the smaller sample with demand
data, the corresponding difference is 15.0 pp at the mean of the standardized demand measure
(column (7)). The starting share again enters both the peripheral classification and the measured
change.

For movers from core asset classes, higher expected demand in the destination field is associated
with a smaller increase in asset-class share. The interaction with peripheral status is statistically
insignificant, so we do not detect a stronger relative shift of peripheral traders toward the bank’s

larger businesses when expected demand rises.

8 Conclusion

Banks maintain distinct trading specialties even in markets where they can trade the same instru-
ments. Using supervisory data, we show that each bank concentrates its trading in a few asset classes
and a small set of risk-factor clusters, and that these allocations persist for years. Most clusters are
dominated by one or two banks. Within a bank, specialist desks earn higher risk-adjusted returns
and leave a smaller share of P& unattributed. The return result also holds within a desk as its
specialization changes.

Trading capacity follows expected demand and specialization. When expected customer demand
in a cluster is higher than usual, more desks become active in it over the following month. Within
a bank, specialist risk factors have larger demand-based limits and operate closer to them, and a
factor’s limit grows more when it accounts for more of the bank’s activity. As a bank runs closer to
its limits, its activity shifts toward its specialist risk factors relative to its peripheral ones.

Monthly labor data gives complementary evidence on where banks seek expertise and where
traders take it. When expected demand in an asset class rises, banks raise their job postings by
more in the asset classes they specialize in. Traders leave slightly more often when their asset
class is peripheral to their employer. Among traders who change banks and keep their asset class,
those leaving a peripheral position gain more in their asset class’s importance than those leaving a
core one, partly by construction. The gap widens when expected demand in the asset class rises,
although that comparison rests on a small sample of moves. Traders who switch asset classes inside
their bank show the same pattern, but demand does not widen it.

Our model explains these patterns with two features. Specialized traders are more productive
where the bank already has installed organizational capital, and the resulting expertise lets the bank
manage risk more precisely and face less risk there. These organizational gains can coexist with
benefits from diversification. The evidence points to an organizational source of segmentation in
trading markets. How much capacity a bank can profitably offer in a risk depends on the expertise

it has assembled there.
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9 Figures

Risk Clusters by Asset Class
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(n=2,909)
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Figure 1: Risk-Factor Classification. Figure shows the largest risk-factor clusters within each
asset class. Asset-class nodes report risk-factor counts. Up to ten leaves per asset class show the
largest clusters, with member counts in parentheses; branch widths are proportional to those counts.
Cluster labels come from constituent risk-factor descriptions. Labels are censored and asset classes
omitted when too few banks contribute data. Counts pool the pre-2021 and post-2020 reporting
eras, in which clusters are estimated separately. The diagram classifies risk factors into asset classes

and clusters within each asset class.
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Figure 2: Risk-Factor Correlations Across Asset Classes. Figure plots the average absolute
correlation of the risk-factor return proxies, which scale P&L by its trailing three-month volatility,
aggregated using Fisher’s z-transformation and weighting both by the inverse variance of each
pairwise estimate and by risk-factor volatility. The top-left panel uses all clusters, the top-right
panel the largest cluster in each asset class, the bottom-left panel the largest three clusters, and the
bottom-right panel the largest ten clusters, where cluster size is defined as the sum of constituent
risk factors’ P&L standard deviations. p-values are in parentheses; * p < 0.10, ** p < 0.05, ***
p < 0.01. Sample: post-2020 observations. Each cell aggregates risk-factor-pair correlations for a
pair of asset classes, with within-asset-class pairs on the diagonal.
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Figure 3: Concentration Across Asset Classes. Figure plots the cumulative share of bank activity accounted for by ranked asset
classes. Signed risk-factor P&L is summed within each bank—asset-class—day before calculating activity. Panel (a) uses the absolute value
of this net P&L, Panel (b) its positive part (profits), and Panel (c) the absolute value of its negative part (losses). Asset classes are ranked
within each bank-day by their shares of the corresponding activity measure. Dashed lines mark the ranks accounting for 50% and 90% of
activity. The figure uses the full sample. Rankings use bank x asset class x day observations and are summarized by the median across
days within each bank, then the median across banks.
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Figure 4: Asset-Class Share Persistence. Figure plots the coefficient from the regression Sharep,; = o + 3 Sharey o 1—r + €b.a,ts
estimated separately at each lag 7, where Share, ,; is the sum of absolute risk-factor P&L in asset class a as a percentage of bank b’s
total absolute risk-factor P&L on date t. Lags are measured in trading days. The regressions absorb no fixed effects and standard errors

are clustered by bank and asset class; capped bars are 95% confidence intervals. Sample: the post-2020 sample. Observations are bank x
asset class x trading day.
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Figure 5: Cluster Concentration and Size. Figure plots a heatmap of concentration across banks within risk-factor clusters. Rows
are asset classes. Within each row, clusters are ranked from highest to lowest average monthly dollar P&L volatility and grouped into
adjacent bins containing observations from all sample banks. Color shows the average HHI of bank P&L-volatility shares, on a 0-10,000
scale, with darker cells denoting higher values. Each cell summarizes time-averaged daily cluster HHI for a bin of clusters within an asset

class.
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Figure 6: Concentration Across Clusters. Figure plots the cumulative share of bank activity accounted for by the top 100 ranked
clusters. Signed risk-factor P&L is summed within each bank—cluster—day before calculating activity. Panel (a) uses the absolute value of
this net P&L, Panel (b) its positive part (profits), and Panel (c) the absolute value of its negative part (losses). Clusters are ranked within
each bank-day by their shares of the corresponding activity measure. Dashed lines mark the ranks accounting for 50% and 90% of activity.
The figure uses the full sample, pooling the pre-2021 and post-2020 reporting eras in which clusters are estimated separately. Rankings
use bank x cluster x day observations and are summarized by the median across days within each bank, then the median across banks.
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Figure 7: Cluster Share Persistence. Figure plots the coefficient from the regression Sharey.; = o + B Sharey ¢ 1+ + €p.c,1, estimated
separately at each lag 7, where Share, . is the sum of absolute risk-factor P&L in cluster ¢ as a percentage of bank b’s total absolute
P&L across clustered risk factors on date ¢. Lags are measured in trading days. The regressions absorb no fixed effects and standard

errors are clustered by bank and cluster; capped bars are 95% confidence intervals. Sample: the post-2020 sample. Observations are bank
x cluster x trading day.
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Figure 8: Overlap of Banks’ Top Clusters. Figure plots histograms of banks’ top-cluster overlap for the top three and top ten
clusters. For each bank-month, we rank clusters by their share of the bank’s total absolute risk-factor P&L and select the top K. The
plotted index is I /(2K — I), where I is the number of shared clusters; it equals Jaccard similarity when both banks have K clusters.
Months with no shared top-ranked cluster are excluded. Sample: the full sample period. Each histogram summarizes bank-pair medians
across months with positive overlap.
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Figure 9: Specialization and Unattributed P&L. Figure plots binned means of the unattributable share of P&L, in %, against desk
specialization and tenure. The unattributable share is unexplained P&L (Item 10 under the FR VV-1 reporting requirements) divided by
the sum of the P&L from existing positions’ risk factors, carry, and the unattributed component, with all components entering in absolute
value. The left panel plots binned means of the unattributable share against the desk-level specialization measure, the desk’s share of the
bank’s total absolute desk P&L, averaged over the 90 calendar days ending the day before the observation. The right panel plots binned
means against the desk’s cumulative number of active trading years; its sample excludes desks that were already active on the bank’s first
reporting date. Sample: the full sample period. Points are binned means of bank x desk x day observations.
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10 Tables

Profitability ($ mn)

Value-at-Risk ($ mn)

Asset Class Count Desk-Day N Avg. Desks/Day Mean StDev 10th 90th Skew Mean StDev 10th 90th Skew
Commodities 45 79,780 28 0.7 44  -1.5 3.5 -1.6 6.8 8.5 04 15.2 4.2
Credit 155 202,006 72 0.7 50 -05 26 -12.1 44 11.2 0.0 99 11.6
Equities 152 278,357 99 1.5 44  -0.6 5.0 -1.1 5.2 7.3 0.0 12.8 3.9
Financing and Collateral 59 96,213 34 0.6 36 -08 27 -39 4.2 54 0.3 89 4.4
Foreign Exchange 82 106,366 38 1.3 45 -1.0 5.1 -3.1 7.5 16.0 0.0 15.6 5.8
Municipal 24 42,245 15 0.3 1.6 -0.2 1.2 2.7 3.0 5.3 0.0 9.3 2.9
Overlay and Counterparty Risk 32 56,252 20 0.0 6.2 -25 27 -186 4.9 8.8 0.0 149 3.7
Rates 137 214,126 76 0.2 16.1 -1.2 3.6 -17.7 7.2 15.3 0.0 156 7.2
Securitized and Structured Products 128 190,392 68 0.4 44 -0.6 2.1 -10.2 6.7 13.1 0.0 17.2 5.8

Table 1: Trading Desk Summary Statistics. Table reports desk counts, profitability, and VaR by asset class for the daily sample
from 2014 to 2025. Count is the number of distinct desks assigned to each asset class over the sample; Desk—Day N counts daily desk
observations; and Avg. Desks/Day is the average number of active desks per day. Profitability and VaR are in millions of dollars. Counts
are at the desk level, daily desk counts are aggregated by asset class, and profitability and VaR moments use bank x desk x day

observations.



Panel A: Structure N Mean SD pl0 p25 p50 p75 p90

Limits per desk-date 519,109 8.6 8.4 2 3 6 12 16
Panel B: Risk Limit Usage (%) N Mean SD pl0 p25 p50 p75 p90
All Limit Types 4,451,870 19.6 25.0 0.0 0.0 8.2 32.9 58.0
Aging 423,099 24.3 33.8 0.0 0.0 0.2 48.1 80.3
Other 1,528 45.5 27.1 2.3 29.1 49.7 69.6 76.2
Position 151,924 38.8 29.4 0.3 12.0 36.8 62.5 80.3
Scenario 1,528,811 8.0 18.1 0.0 0.0 0.0 3.8 33.5
Sensitivity 1,566,027 23.6 23.4 0.1 4.3 16.5 36.9 59.1
VaR 779,949 27.8 24.4 0.0 6.6 23.7 43.1 61.9
All Limit Sources 4,451,870 19.6 25.0 0.0 0.0 8.2 32.9 58.0
RENTD 3,011,972 17.6 23.8 0.0 5.1 29.6 55.1 63.7
Risk Appetite 903 28.5 26.5 0.4 6.5 20.6 46.0 72.5
Risk Reducing 410 20.5 17.0 0.0 6.3 23.0 30.8 35.8
Other 1,438,585 23.8 26.9 0.0 0.0 15.2 38.4 63.7
Panel C: Prozimity Thresholds (%) Share >50 >80 >90 >95 >100

All Limit Types 13.9 3.0 1.4 0.9 0.2

Aging 24.1 10.1 6.4 4.8 0.6

Other 49.8 5.8 1.3 0.2 0.0

Position 37.0 10.2 4.2 2.2 0.2

Scenario 5.1 0.9 0.4 0.2 0.1

Sensitivity 15.1 2.6 0.9 0.4 0.2

VaR 18.5 2.8 1.1 0.6 0.3

All Limit Sources 13.9 3.0 1.4 0.9 0.2

RENTD 12.5 2.3 0.8 0.5 0.2

Risk Appetite 22.1 3.9 2.7 2.2 0.1

Risk Reducing 5.4 0.5 0.2 0.2 0.2

Other 16.9 4.6 2.5 1.7 0.3

Panel D: Persistence N Mean SD pl0 p25 p50 p75 p90
Near-cap spell (>80%, days) 19,046 7 24 1 1 2 5 14
Panel E: Limit Changes

By Limit Source All Limit Sources RENTD Risk Appetite Risk Reducing  Other

% days with any change 0.54 0.45 0.22 0.24 0.73

% days with increase 0.33 0.30 0.00 0.24 0.39

% days with decrease 0.33 0.30 0.22 0.00 0.39

Med. |A| (%, cond.) 20 25 19.5 100 12.5

Med. days between changes 183 162 19 61 216

By Limit Type All Limit Types  Aging Other Position Scenario Sensitivity VaR

% days with any change 0.53 1.44 0.53 0.43 0.41 0.43 0.53

% days with increase 0.33 0.77 0.49 0.30 0.20 0.37 0.27

% days with decrease 0.33 0.69 0.44 0.27 0.21 0.36 0.30
Med. |A| (%, cond.) 20 5 27 20 30 22 20
Med. days between changes 183 230 66 145 159 187 159

Table 2: Risk Limit Summary Statistics. Table reports risk limits from form FR VV-1 for
dates after December 31, 2020. Panel A reports the number of limits per desk-day. Panel B reports
proximity overall, by limit type (aging, other, position, scenario, sensitivity, and VaR), and by
source (RENTD, risk appetite, risk reducing, and other). Proximity is 0 at maximum slack, 100
at the allowable bound, and above 100 for a breach; it is bounded below at zero and winsorized
at the 99.9th percentile (Appendix IA.A.4). Panel C reports the percentage of limit-days above
each proximity threshold. Panel D reports the length in days of spells during which a limit’s
proximity remains above 80 on consecutive days. Panel E reports the frequency of limit increases
and decreases, the median absolute percentage change conditional on a change, and the median days
between changes, by limit source and type. Both medians use limit-days with a nonzero change.
Observations are bank x desk x day in Panel A, bank x desk x limit x day in Panels B, C, and E,
and spells for a bank’s desk-level limit in Panel D.
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Avg. Factors/Desk/Day Factors (Count) Profitability ($ mn)

Panel A: Characteristics Pre-2021 Post-2020 Mean StDev 10th  90th
Commodities 9.1 592 364 0.02 1.42 -0.25 0.31
Credit 9.0 1,668 1,093 -0.01 1.02 -0.15  0.12
Equities 8.6 1,607 1,302 0.03 1.66 -0.30  0.40
Financing and Collateral 8.8 598 476 0.01 0.99 -0.10 0.11
Foreign Exchange 8.2 864 436 0.00 1.78 -0.34  0.33
Municipal 5.2 209 145 -0.01 0.86 -0.13 0.13
Overlay and Counterparty Risk 11.8 450 397 -0.01 1.79 -0.31  0.30
Rates 7.5 1,233 995 -0.01 2.14 -0.39 0.36
Securitized and Structured Products 6.7 1,120 773 -0.02 1.69 -0.31  0.26
Classified Factors (Count) Clusters Singleton Clusters (%)
Panel B: Clusters Pre-2021 Post-2020  Pre-2021 Post-2020 Pre-2021 Post-2020
Commodities 580 353 103 93 9 12
Credit 1610 1032 207 180 1 2
Equities 1567 1238 274 254 3 6
Financing and Collateral 563 454 128 126 ) 10
Foreign Exchange 814 415 110 102 1 3
Municipal 174 124 30 28 10 14
Overlay and Counterparty Risk 441 373 70 80 1 11
Rates 1190 940 180 194 3
Securitized and Structured Products 1071 719 133 97 5 1

Table 3: Risk-Factor Cluster Summary Statistics. Table reports risk-factor and cluster characteristics by asset class over the full
sample. Panel A reports the average number of risk factors per desk-day, counts of distinct risk-factor—desk combinations before clustering,
and profitability in millions of dollars. Panel B reports counts of classified factors and clusters and the percentage of clusters containing a
single factor. Clusters are estimated separately for the pre-2021 and post-2020 reporting eras using the method in Appendix TA.A.3.
Panel A averages factor counts over bank x desk x day observations and calculates profitability moments over bank x desk x risk factor
x day observations; factor counts in both panels and cluster statistics in Panel B are aggregated by asset class and reporting era.



Panel A: Asset-Class Concentration N Mean StDev Min Max

Asset Class HHI 25,281 3,063.00 1,317.07 1,687.43  8,779.85
In(1 + |P&LJ) 25,281 17.82 1.12 13.08 20.92
Correlation —0.346***

Panel B: Cluster Concentration N Mean StDev Min Max
Cluster HHI 2,930,779 8,870.57 1,909.71 1,758.26 10,000.00
In(1 + |P&LJ) 2,930,779 10.53 4.02 0.00 19.89
Correlation —0.295***

Table 4: Asset-Class and Cluster Concentration. Table reports summary statistics for bank
concentration and log absolute P&L and the pairwise correlation between them, for asset classes
over the full sample in Panel A and for clusters in Panel B. Both HHIs are on a 0-10,000 scale.
Asset Class HHI is computed from banks’ shares of VaR within each asset class; a bank’s share
is the sum of its desks’ VaR in the asset class divided by the same sum across all banks on that
day. Cluster HHI is computed from banks’ shares within a cluster; a bank’s share is the sum of its
risk factors’ trailing 90-day P&L standard deviations within the cluster divided by the same sum
across all banks. In(1 + |P&LJ) is the log of one plus the sum of absolute comprehensive desk P&L
in the asset class (Panel A) or of absolute risk-factor P&L in the cluster on that day (Panel B),
measured in dollars. Panel A excludes asset-class-days with zero total VaR, and Panel B excludes
cluster-days with a zero sum of P&L standard deviations. Clusters are estimated separately in the
pre-2021 and post-2020 reporting eras. * p < 0.10, ™ p < 0.05, *** p < 0.01. Observations are asset
class x business day in Panel A and cluster x day in Panel B.

48



67

Return

(1) (2) (3) (4) (5) (6) (7)
Specialist 0.0803** 0.0751** 0.0546* 0.0577* 0.0723*** 0.0895** 0.0923***
(2.21) (2.18) (1.79) (1.81) (5.38) (6.91) (7.41)
Excess Specialization —0.4827***
(—2.93)
Date FE Yes
Bank FE Yes
Desk FE Yes Yes Yes
Asset Class x Date FE Yes Yes Yes Yes Yes Yes
Bank x Date FE Yes Yes Yes
N 1,115,060 1,115,060 1,115,060 1,115,060 1,115,058 1,115,058 1,114,983
R? 0.004 0.004 0.002 0.002 0.001 0.002 0.003

Table 5: Specialist Returns. Table reports regressions of desk returns on specialization. The dependent variable is the desk’s daily
comprehensive P&L divided by its VaR on the previous business day, winsorized at the 5th and 95th percentiles. Specialist is the desk’s
share of the bank’s total absolute daily P&L, averaged over the 90 calendar days ending the day before date ¢, and standardized over
the full desk panel. FEzcess Specialization, added in column (7), is the bank’s share of its own VaR in the desk’s asset class minus
that asset class’s share of VaR summed across banks; it is measured at the bank x asset-class x day level, is contemporaneous, and is
not standardized. Constant omitted. Within R? reported. Standard errors are clustered by date and bank-asset class; t-statistics in
parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are bank x desk x day.
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Unattributable Share

Main Wider Definition
(1) (2) (3) (4) (5) (6)

Specialist —0.011** —0.011** —0.010** —0.011** —0.011** —0.010**

(—2.63) (—2.36) (—2.33) (—2.57) (—2.36) (—2.32)
Bank FE Yes Yes Yes Yes
Date FE Yes Yes
Asset Class x Date FE Yes Yes Yes Yes
Bank x Date FE Yes Yes
N 1,163,375 1,163,375 1,163,375 1,168,093 1,168,093 1,168,093
R? 0.003 0.003 0.003 0.004 0.004 0.003

Table 6: Specialization and Unattributed P&L. Table reports regressions of the desk’s unattributable P&L share on specialization.
In columns (1)—(3), the dependent variable is absolute unexplained P&L (Item 10 of form FR VV-1) divided by the sum of absolute P&L
attributed to existing positions’ risk factors, carry, and the unattributable component. Columns (4)-(6) add absolute other attributable
P&L to the denominator. Specialist is the desk’s share of the bank’s total absolute daily P&L, averaged over the 90 calendar days ending
the day before date t, and standardized over the full desk panel. Constant omitted. Within R? reported. Standard errors are clustered by
date and bank—asset class; t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are bank x desk x day.
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# Distinct Desks over Horizon

Level Volatility Average RENTD Total RENTD Monthly

(1) 2) 3) (4) (5) (6) (7) (8) (9) (10)

Activity Level 0.511%** 0.471%**
(20.95) (19.76)
Activity Volatility 0.429*** 0.395***
(21.40) (20.05)
Average RENTD Limit 1.042%* 0.890*** 1.120%*
(2.92) (2.63) (2.90)
Total RENTD Limit 1.013*** 0.821*** 1.107***
(3.20) (2.86) (3.20)

Horizon 1m 3m 1m 3m 1m 3m 1m 3m 1m 1m
Cluster FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Asset Class x Date FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 2,947,104 2,901,627 2,944,676 2,899,199 262,276 252,986 262,276 252,986 12,540 12,540
R? 0.072 0.065 0.057 0.052 0.037 0.033 0.041 0.033 0.039 0.045

Table 7: Demand and Desk Participation. Table reports regressions of subsequent desk participation on cluster demand measures.
The dependent variable is the maximum number of distinct desks, across all banks, active in the cluster over the following 30 calendar
days (“1m”) or 90 calendar days (“3m”). Four demand proxies enter one at a time. Activity Level uses the trailing 90-day mean of the
cluster’s total gross risk-factor P&L, summed in absolute value across all banks in the cluster. Activity Volatility uses the trailing 90-day
standard deviation of the same series. Average RENTD Limit and Total RENTD Limit are built from banks’ internal risk limits justified
by RENTD analysis. For each U.S. dollar-denominated RENTD sensitivity limit we take the maximum absolute value of the upper
and lower bounds as a measure of demand capacity, aggregate across a bank’s limits within a bank-cluster-date by the mean (Average)
or the sum (Total), and then average across banks to reach the cluster-date. Each proxy is log-transformed and standardized over the
cluster-day panel before selecting the monthly observations in columns (9)—(10). Constant omitted. Within R? reported. Standard errors
are clustered by date and cluster in columns (1)—(8) and by cluster alone in columns (9)—(10); t-statistics in parentheses, where * p < 0.10,
* p < 0.05, ** p < 0.01. RENTD regressions use post-2020 observations with cluster-level limit data. Observations are cluster x day in
columns (1)—(8) and cluster x month in columns (9)—(10).
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Number of Postings I(Any Posting)

(1) (2) (3) (4) (5) (6) (7) (8)
AC Share x Demand Shock 0.064** 0.103* 0.014*** 0.008
(2.15) (1.92) (3.47) (1.16)
Specialist x Demand Shock 0.085*** 0.120** 0.018*** 0.015**
(3.47) (2.18) (4.54) (2.24)
Demand Shock 0.022 * 0.017 —0.003 —0.006
(1.97) (1.59) (—0.31) (—0.61)
AC Share 0.175 0.120 0.022 0.007
(1.03) (0.81) (1.05) (0.21)
Specialist 0.308 0.102 0.013 —0.028
(1.35) (0.50) (0.47) (—0.63)
Bank x Asset Class FE Yes Yes Yes Yes Yes Yes Yes Yes
Bank x Month FE Yes Yes Yes Yes Yes Yes Yes Yes
Asset Class x Month FE Yes Yes Yes Yes
N 2,830 2,830 3,042 3,042 2,830 2,830 3,042 3,042
R? 0.002 0.002 0.003 0.002 0.001 0.000 0.001 0.001

Table 8: Demand and Trading Job Postings. Table reports regressions of trading-related job postings on specialization, demand
shocks, and their interaction. The dependent variable is the number of the bank’s trading-related job postings in the asset class during the
month in columns (1)—(4), and an indicator equal to one if the bank posts any opening in the asset class that month in columns (5)—(8).
Columns (1)—(2) and (5)—(6) use AC Share, which is the monthly mean of the daily share of the bank’s total absolute desk P&L that sits
in the asset class, in %, standardized within each month across bank-asset classes and lagged one month. Columns (3)—(4) and (7)—(8)
use Specialist, which is the trailing three-month mean of the same monthly share, standardized over the full monthly bank-asset-class
panel. Demand Shock is the log of the market-wide mean RENTD limit in the asset class minus its trailing three-month moving average,
which includes the current month, standardized over the postings panel. Constant omitted. Within R? reported. Standard errors are
clustered by month and bank—asset class; t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Sample: job postings
from July 2014 onward for the covered banks matched to the postings data. Observations are bank x asset class x month.
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RENTD Limit Proximity I(Near Capacity) I(Near Cap, not Breach)
(1) (2) (3) (4) (5) (6) (7) (8)

Specialist 0.34*** 0.51%** 0.11%** 0.18*** 0.01*** 0.02*** 0.01** 0.02 ***
(3.06) (4.12) (2.78) (5.11) (2.63) (3.11) (2.38) (2.94)

Cluster x Date FE Yes Yes Yes Yes Yes Yes Yes Yes

Bank x Date FE Yes Yes Yes Yes

N 198,217 198,217 198,217 198,217 198,217 198,217 198,217 198,217

R? 0.032 0.074 0.017 0.045 0.005 0.011 0.004 0.009

Table 9: Specialists and Risk Limits. Table reports regressions of risk-limit capacity and usage on specialization. The dependent
variables are the log of total RENTD limit capacity mapped to the risk factor in columns (1)-(2); the standardized maximum proximity
across those limits in columns (3)—(4); an indicator for proximity above 80 in columns (5)—(6); and an indicator for proximity above 80
and at or below 100 in columns (7)—(8). Proximity measures how close current usage is to the allowable bound (0 = maximum slack,
100 = at the limit, and values above 100 = breach) and enters columns (3)—(4) as a z-score taken over the limit panel. Specialist is the
factor’s share of the bank’s total absolute risk-factor P&L that day, averaged over the 90 calendar days ending the day before date ¢
and standardized over the full risk-factor panel. Constant omitted. Within R? reported. Standard errors are clustered by date and risk
limit, the bank x desk x risk-factor limit panel; ¢-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Sample: U.S.
dollar-denominated RENTD sensitivity limits that map to risk factors, which are reported only in the post-2020 era. Observations are
bank x desk x risk factor x day.
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ALimit

Overall Near Limit
14-Day 30-Day 90-Day 14-Day 30-Day 90-Day
(1) (2) (3) (4) (5) (6)
Specialist 0.05 ** 0.15 ** 0.50 ** 0.03 0.10 * 0.40 *
(2.07) (2.13) (2.08) (1.46) (1.71) (1.81)
Proximity x Specialist —0.02 —0.04 —0.06
(—1.63) (—1.52) (—0.77)
Proximity 0.25 *** 0.55 *** 1.11
(9.18) (7.87) (6.59)
Controls
In(Limit Size) —0.25 *** —0.76 *** —2.79 *** —0.31 *** —0.90 *** —3.09 ***
(—4.35) (—4.70) (—5.11) (—5.36) (—5.44) (—5.59)
o(In(Limit)) —0.05 —0.07 0.17 —0.21 ** —0.42 —0.55
(—0.45) (—0.21) (0.20) (—2.02) (—1.37) (—0.67)
Limit FE Yes Yes Yes Yes Yes Yes
Cluster x Date FE Yes Yes Yes Yes Yes Yes
Bank x Date FE Yes Yes Yes Yes Yes Yes
N 197,456 197,459 197,469 197,456 197,459 197,469
R? 0.005 0.011 0.034 0.017 0.025 0.047

Table 10: Specialization and Subsequent Limit Growth. Table reports regressions of subsequent RENTD limit growth on
specialization and limit proximity. The dependent variable is 100 x [m(%ﬁ”d + 1) — In(Limit, + 1)], where the forward limit is the
mean limit capacity over the following h = 14, 30, or 90 calendar days; it is winsorized at the 1st and 99th percentiles. Specialist is the
factor’s absolute P&L divided by the sum of absolute risk-factor P&L across the bank’s factors that day, averaged over the 90 calendar
days ending the day before date t and standardized over the full risk-factor panel. Proximity is the maximum across the factor’s limits
and measures how close current usage is to the allowable bound (0 = maximum slack, 100 = at the limit, and values above 100 = breach)
and enters as its z-score, standardized over the limit panel. Controls are the log of current limit size and the trailing 90-day standard
deviation of the log limit. Columns (4)—(6) add Prozimity and its interaction with Specialist using the same sample as columns (1)—(3).
Constant omitted. Within R? reported. Standard errors are clustered by date and risk limit; ¢-statistics in parentheses, where * p < 0.10,
*p < 0.05, *** p < 0.01. Sample: U.S. dollar-denominated RENTD sensitivity limits that map to risk factors, which are reported only in
the post-2020 era. Observations are bank x desk x risk factor x day.
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AActivityy gy

1-Day 3-Day 5-Day

(1) (2) (3) (4) () (6)
Near Capacity;, x Specialist, s, 14.303** 10.860*** 6.195 **

(3.88) (3.57) (2.44)
Utilizationy X Specialisty p, 9.046™* 6.045* 0.899

(2.08) (1.77) (0.35)

Specialisty, ¢, 3.193*** 1.111 2.834™* 1.817 3.644** 4.834**

(3.57) (0.41) (3.41) (0.83) (4.14) (2.60)
N 6,573,316 6,573,316 8,206,432 8,206,432 8,516,633 8,516,633
R? 0.001 0.001 0.001 0.001 0.001 0.001

Table 11: Constraints and Risk-Factor Activity. Table reports regressions of changes in risk-factor activity on specialization and its
interactions with bank constraints. The dependent variable is 100 x [ln(Actz'vitnyd +1)— hn(Activitytrail + 1)], where Activity is the risk
factor’s absolute P&L, the forward mean is taken over the following 1, 3, or 5 calendar days and the trailing mean over the previous 90
calendar days. Specialist is the factor’s absolute P&L divided by the bank’s sum of absolute risk-factor P&L that day, averaged over the
90 calendar days ending the day before date ¢ and standardized over the full risk-factor panel. Near Capacity is the lagged-VaR-weighted
share of the bank’s desks whose maximum limit proximity exceeds 80 on that day. Utilization is constructed from the lagged-VaR-weighted
average across the bank’s desks of each desk’s maximum limit proximity. Both constraint measures are unstandardized. Odd columns use
Near Capacity; even columns use Utilization. Every column includes bank-by-date and cluster-by-date fixed effects. The sample uses dates
with bank constraint data in the post-2020 reporting era. Constant omitted. Within R? reported. Standard errors are clustered by date
and bank—cluster; t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are bank x desk x risk factor x
day.
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I(Moved)

2)

(3)

(4) ()

Origin AC Share —0.024** —0.040*** —0.040*** —0.048** —0.039***
(—2.65) (—3.94) (—3.82) (—2.20) (—3.97)
Origin AC Share x Bank Constraint 0.004
(0.59)
Bank Constraint 0.031 * 0.032*
(1.69) (1.81)
Seniority —0.042*** —0.042*** —0.063*** —0.063***
(—6.57) (—6.56) (—6.66) (—6.69)
Demand 2.218
(1.40)
Demand Shock 1.191
(1.44)
Asset Class FE Yes
Date FE Yes
Bank FE Yes Yes Yes Yes Yes Yes Yes
Asset Class x Date FE Yes Yes Yes Yes Yes Yes Yes
Sample All All All Senior All All All All
N 432,838 432,838 432,838 53,425 432,838 436,821 196,433 196,433
R? 0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.000

Table 12: Trader Employer Changes. Table reports regressions of employer changes on origin specialization, bank constraints, and
asset-class demand. The dependent variable is 100x an indicator that the trader reports a different employer, at any firm, in the next
observed employment record. Origin AC Share is the origin bank’s monthly share of its absolute desk P&L in the trader’s asset class,
standardized within each month across bank—asset classes. Bank Constraint is the bank’s lagged-VaR-weighted share of desks whose
maximum limit proximity exceeds 80, taken as the last daily value in the month and standardized over the trader-month panel. Demand
is the log market-wide RENTD limit in the asset class of the trader’s next observed employment record, measured in the origin month,
and Demand Shock is that series less its trailing three-month moving average, including the current month; both are standardized over the
trader panel. Seniority is the reported seniority level. Constant omitted. Within R? reported. Standard errors are clustered by month
and bank-asset class; t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Sample: trader-months at covered banks
from July 2014, excluding each trader’s final observation; column (4) restricts the sample to senior traders (seniority > 6) and columns
(7)—(8) to the post-2020 era in which RENTD limits are reported. Observations are trader x month.
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A(AC Share)

Movers Internal Movers
(1) (2) (3) (4) (5) (6) (7) (8)
Peripheral 6.937*** 7.235%* 4.377 4.909 * 18.268"** 18.422%** 15.011%** 15.045***
(2.76) (2.93) (1.70) (1.85) (14.78) (14.90) (10.21) (10.60)
Demand Shock —0.170 —1.075 —1.539*** —1.494***
(—0.31) (—0.95) (—5.83) (—5.47)
Peripheral x Demand Shock 2.828*** 3.576%** —0.305 —0.288
(3.93) (3.35) (—0.91) (—0.91)
Seniority —1.613 ** —1.694 —0.669 * —1.078 *
(—2.02) (—1.16) (—1.68) (—1.93)
Asset Class FE Yes Yes
Bank FE Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes Yes Yes Yes
N 205 205 7 7 832 832 355 355
R? 0.030 0.067 0.063 0.106 0.206 0.209 0.185 0.192

Table 13: Trader Moves and Asset-Class Shares. Table reports regressions of changes in asset-class shares for traders who move.
Columns (1)-(4) are movers between covered banks whose asset class is the same at origin and destination; columns (5)—(8) are internal
movers, traders who stay at the same bank, change asset class, and are observed more than 12 months after their first retained panel
record. The dependent variable is A(AC Share), the destination asset-class share minus the origin asset-class share, in pp. Asset-class
shares are monthly averages of the share of each bank’s total absolute desk P&L in the asset class. Peripheral is an indicator that the
origin asset-class share is below the bank’s within-month median across its asset classes. Demand Shock is the log market-wide mean
RENTD limit in the destination asset class in the origin month minus its trailing three-month moving average, including the current
month, standardized over the trader panel. Seniority is the reported seniority level. Constant omitted. Within R? reported. Standard
errors are clustered by month; ¢-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are trader moves.



Appendix to
Expertise and Specialization in Bank Trading

Chase P. Ross, Sharon Y. Ross, Kaushik Vasudevan, Martin M. Waibel

The Appendix consists of three sections. Section IA.A provides additional details about the
data, including the construction of risk-factor clusters. Section IA.B presents proofs for the model.

Section TA.C presents additional tables and figures.

IA.A Data Cleaning and Construction

We construct our analysis sample from regulatory filings submitted by banks under the Federal
Reserve’s Volcker Rule trading desk reporting requirements. The data comes in two distinct reporting
formats: the pre-2021 format and the post-2020 format, which we merge to create a consistent
time series. The reporting instructions changed in December 2020 to provide additional granularity
on certain fields, particularly limit characteristics and desk classifications. We clean the data so

observations under both formats are directly comparable.

TA.A.1 Sample Cleaning

We retain banks that consistently report throughout the sample and convert all monetary values to
U.S. dollars using the bank-reported currency conversion rates. We exclude observations missing a
bank, desk, or risk-factor identifier. We also remove desks and risk factors that never report activity.
A desk is excluded if both its comprehensive P&L and its VaR are missing or zero for all dates; a
risk factor within a desk is excluded if its risk-move P&L is missing or zero for all dates.

We limit the influence of outliers by winsorizing risk-factor P& and desk-level variables
(comprehensive P&L, VaR, and P&L components) at the 0.1st and 99.9th percentiles. We balance
the panel by identifying each desk’s first and last active dates, defined as dates when the desk

reports non-zero and non-missing P&L or VaR.

TA.A.2 Desk Classifications

We sort desks into ten asset-class groups using their names and descriptions. The classification
combines keyword matching with supervised machine learning, trained on a subset of desks for

which we have high confidence in the asset-class assignment.

1. Credit: desks that trade corporate debt or credit derivatives, or that support the firm’s debt

capital markets and leveraged loan businesses.

2. Equities: desks that trade equities, equity derivatives, or convertible products.
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3. Rates: desks that trade government bonds, agency debt, interest rate swaps, swaptions, or

macro products.
4. Foreign exchange: desks that trade currencies or currency derivatives.
5. Commodities: desks that trade commodities, including energy, metals, and agriculture.

6. Securitized and structured products: desks that trade asset-backed securities, securitized prod-
ucts (e.g., collateralized loan obligations, collateralized mortgage obligations, and collateralized

debt obligations), non-agency mortgage products, or other structured products.
7. Municipal: desks that trade municipal, tax-exempt, or local government obligations.

8. Collateral and financing: desks that trade repos or collateral swaps, provide financing for

internal counterparties or prime brokerage clients, or engage in securities financing.

9. XVA: desks that conduct valuation adjustment trading, including valuation adjustments to
hedge counterparty risk and hedges to funding conditions; desks that focus on centralized
hedging of other desks’ net positions; or desks that focus on regulatory capital or risk-weighted

asset optimization.

10. Legacy: desks that manage portfolios or lines of business that the firm is exiting or otherwise

unwinding.

We manually construct a keyword list for each asset class from trading desk naming conventions.
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The lists include standard terminology (e.g., “equity,” “stock,” and “ipo” for the equity class)

RPN

and specialized jargon (e.g., “sonia,” “sofr,” and “eurodollar” for the rates class). Some keywords

unambiguously signal an asset class (e.g., “xva,” “cva,” and “counterparty credit risk” for XVA
desks). We designate these keywords as “dominant” and assign the asset class whenever one appears
in a desk’s name or description, without further disambiguation.

For the remaining desks, we match keywords to the combined desk name and description. A
match to only one asset class determines the assignment. When the text matches several asset classes,
we use TF-IDF similarity to disambiguate. In the rare case a desk has no name or description, we

exclude it from the classification rather than setting it to unclassified.

TJA.A.3 Risk-Factor Clusters

We sort risk factors into clusters so we can compare what banks trade without relying on the names
banks give their risk factors. Two factors at different banks belong to the same cluster when their
returns comove, whatever each bank calls them. We cluster within an asset class and across banks:
if one bank has two equities desks and another has one, the equities clustering uses the risk factors
of all three desks. This keeps the comparison between a bank’s equities factors and other banks’

equities factors and lets a widely populated cluster stand in for a risk the market trades in common.
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We use absolute correlations of signed daily risk-factor return proxies because we care whether
a desk trades a given risk, not whether it is long or short. Desks switch between long and short
expressions of the same risk as they hedge, make markets, manage inventory, or absorb client flow.
A signed-correlation rule would separate desks that are active in the same risk but sit on opposite

sides of it.

Two-Stage Construction Trading strategies differ widely in how long they last. We therefore
cluster daily return proxies, scaled by trailing three-month P&L volatility, in two stages: long-lived
factors determine the correlation structure, and shorter-lived factors join the resulting clusters. In
the first stage we keep risk factors with at least a year of data and compute a pairwise correlation
only when two factors have at least a year of overlapping observations. Pairs that fail the overlap
requirement get zero similarity, so sparse overlap cannot pull them together. We then apply
hierarchical agglomerative clustering with average linkage and a distance of one minus the absolute
correlation, motivated by Jensen et al. (2023). We cut the resulting dendrogram at distance 0.90,
corresponding to an average-linkage absolute-correlation threshold of 0.10.

In the second stage we assign short-lived risk factors, defined as factors with at least ten daily
observations, to those clusters. A short-lived factor need not overlap a cluster’s centroid, so we
use a best-overlap rule: within each candidate cluster we find the member with which the factor
has the longest temporal overlap, compute the correlation over that overlap, and assign the factor
when the correlation is significant under a Fisher z-test against the null of zero and at least 0.10
in magnitude. Factors that match no cluster are labeled unclassified—idiosyncratic or transient
risks. The two stages cover a wide set of factors while estimating the correlation structure from the
factors whose correlations are best measured.

We estimate the clustering separately for the two reporting formats. Banks did not keep identical
risk-factor identifiers when the data collection changed at the end of 2020, so a factor’s return series
splits across the pre-2021 and post-2020 samples and cluster identities are specific to an era.

Cluster labels describe the assignments but do not determine them. For exposition we apply
TF-IDF to the names and descriptions of a cluster’s member risk factors, which yields labels such
as “sovereign/credit/european.” The labels are poor descriptors because many of the names and
descriptions banks report are too broad or general to separate one factor from another. We therefore
cluster on realized profits rather than on text. Figure 1 shows the asset-class groupings and their

ten largest clusters.

The Correlation Threshold Section 3 explains the choice of p = 0.10 and reports how the
number of equities clusters rises with the threshold. Those counts come from the pre-2021 columns
of Appendix Table TA.1; Appendix Figure IA.1 plots the post-2020 clustering.

Correlation Separation and Stability Correlations near 0.10 could still group factors that

are only spuriously related. Appendix Figure TA.9 plots the distribution of pairwise correlations
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within an asset class, separating pairs in the same cluster from pairs in different clusters. The
between-cluster mass spikes just above zero—because we take absolute values, uncorrelated pairs
have a small positive average correlation—while the within-cluster mass sits well to the right, with
a sizable share of pairs far above the threshold rather than bunched at it. The mean correlation
within a cluster is 0.17, with a 75th percentile of 0.30. Pairs in the same asset class but different
clusters average 0.04, with a 75th percentile of 0.09.

Appendix Table TA.12 measures this separation and asks whether it is stable across subsamples of
days. We summarize the separation with the area under the curve (AUC), Pr(|p|within > |£|between),
which equals 0.5 when the two distributions coincide and rises as high-correlation pairs concentrate
within clusters. The average AUC across asset classes is 0.81 in the full sample, ranging from 0.76 to
0.86. Because we formed the clusters from correlations, a higher average within-cluster correlation
is partly mechanical.

We recompute the correlations on alternating-day subsamples—odd trading days and even
trading days—holding the full-sample cluster assignments fixed. The separation persists: the AUC
runs from 0.68 to 0.78 across asset classes in both subsamples. Because both subsamples contributed
to cluster formation, selection can contribute to this persistence, and the exercise is a stability check
on the correlations rather than a held-out test of the clustering itself.

The table also reports hit rates, the share of pairs whose correlation clears 0.10 when estimated
on a subsample. Within-cluster pairs clear the threshold in both subsamples 48% of the time,
against 16% for between-cluster pairs, so a within-cluster pair is about three times as likely to hold
an above-threshold relationship in both halves of the data.

Appendix Table IA.4 compares these correlations across banks as well as across clusters and
asset classes. It regresses the absolute correlation of a risk-factor pair on indicators for the two
factors being at the same bank, in the same asset class, and in the same cluster. Section 4 reads the

coefficients.

Absolute versus Signed Correlations Appendix Figures IA.2 and IA.3 compare the correlation
structure of risk factors across banks, asset classes, and clusters under clustering based on absolute
and signed correlations of the same signed return proxies. Appendix Figure [A.10 gives the cluster
counts across thresholds under signed correlations. Appendix Table TA.4 uses clusters formed from
absolute correlations of signed return proxies, while Appendix Table IA.5 uses clusters formed
from signed correlations of the same proxies. The dependent variables are absolute and signed

correlations, respectively. The two tables therefore use different cluster assignments.

Aggregate Indices and Risk-Factor Returns Within-cluster comovement is not a repackaging
of a common aggregate factor in trading returns. Appendix Table IA.13 follows Fama and French
(1993) and regresses each risk factor’s return proxy on aggregate return indices built from the risk

factors themselves, weighted either equally or by the standard deviation of the previous month’s
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P&L. The first columns report the moments of those indices. The aggregate value-weighted index
has a daily return proxy of 0.005, meaning the average P&L is 0.005 times its volatility over the
past three months, with a standard deviation of 0.067. Because we do not observe portfolio sizes,
the indices are unitless and not comparable to percentages.

The remaining columns show that aggregate measures explain little of the variation across
risk factors. Rates and foreign exchange factors have the largest median betas to the aggregate
value-weighted index, 0.38 in both cases, but the median R? is 0.25% not 25% far below the
70% to 90% Fama and French (1993) report for equity portfolios. The typical risk factor has no
significant relationship with the index. Indices built only from factors inside the same asset class do
no better: betas are mostly below 0.2 and R? stays well below 1%. The standard Fama-French
market index does worse still, with betas near zero even for risk factors at equity desks.

The low explanatory power of aggregate indices is consistent with the low average absolute

correlations within and across asset classes in Figure 2.

TIA.A.4 Measuring Risk Limit Utilization

We measure risk-limit utilization from the usage and bounds reported on form FR VV-1. We first
compute proximity for each limit-date observation, then aggregate to the desk and bank. The scale
runs from 0 for maximum slack to 100 for usage exactly at the limit; values above 100 indicate
a breach. To apply the same measure throughout the sample, we harmonize the bounds across
reporting formats.

In the second subsample, banks report explicit upper and lower bounds along with the usage
value for each limit, so the allowable range is directly observed. In the first subsample, banks
report only a single limit size, a usage value, and a limit percent used field. To harmonize the two
formats, we must determine whether each first-subsample limit is a symmetric constraint (where
exposure must stay within +|Limit Size|) or a directional constraint (where the limit size is a
one-sided bound). For example, if a delta limit of +$100M is symmetric, then usage of —$80M is
80% utilization; if it is directional, the desk is far from the constraint.

We exploit the bank’s own reported limit percent used to classify each limit. When usage and
the limit size have opposite signs, the signed ratio Usage/Limit Size is negative, but a bank using an
absolute-value convention will report a positive limit percent used equal to | Usage|/|Limit Size|. We
flag a limit as symmetric whenever we observe a day on which the signed ratio is negative yet the
reported limit percent used is about equal to the absolute value of that ratio (within a tolerance of
1 pp). If any such day exists for a given limit, we classify the entire limit as symmetric. Symmetric
limits receive both bounds: an upper bound of +|Limit Size| and a lower bound of —|Limit Size|.
Remaining limits are treated as directional, with positive limit sizes assigned as upper bounds and
negative limit sizes as lower bounds.

With harmonized bounds, headroom is the distance from current usage to the nearest bound.

For two-sided limits with upper bound u, lower bound [/, and usage x, headroom is min(u — z, = — [);
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for one-sided limits, it is the distance to the single reported bound. We normalize headroom by the
half-width of the allowable range—(u — [)/2 for two-sided limits, or the absolute value of the bound
for one-sided limits. The resulting proximity score equals 0 at the midpoint of the allowable range,
100 at either boundary, and exceeds 100 in a breach.

For one-sided limits, usage on the opposite side of the constraint can produce negative proximity,
indicating that the desk is moving away from the relevant bound. We clamp proximity at zero
from below, so that observations far from their relevant constraint register as unconstrained. We
winsorize the right tail at the 99.9th percentile.

A desk’s proximity on a date is the maximum across its limits, the most binding constraint.
As a robustness check, we also compute the mean of the top three proximity scores, which is less
sensitive to outliers from data errors or discrete limit resets.

The bank-date constraint measure aggregates desk proximity using VaR weights, so that a small
desk near capacity contributes less than a large desk under pressure. We also construct binary
indicators for whether any desk at the bank has a breach (proximity above 100) or is near capacity

(proximity above 80) on a given day.

IA.A.5 Trader Employment Data

We construct a monthly employment panel from Revelio Labs. The records link workers to employers
and report job titles, descriptions, start and end dates, and seniority. We begin with employment
histories for people who worked at banks in our search universe. An initial screen retains positions
whose titles match a broad set of keywords, including trading terms, financial products, and seniority
terms. A worker enters the screened sample if at least one such position at a bank in the search
universe has a start or end date in 2014 or later.

We identify traders within this screened sample using a narrower title search. A position is a
trading role if its title contains a term such as trader, quant, market maker, sales trading, or trading
desk. We retain all screened positions for anyone observed in a trading role, including positions at
other employers and positions without a trading title. Non-trading positions must still pass the
initial title screen. We combine the bank-specific files and remove duplicate position identifiers so
that a job appearing in several files enters once.

We assign asset classes from each position’s title, description, and Revelio role category. We
search the combined text for asset-class keywords, ignoring capitalization and requiring word
boundaries so that a keyword does not match part of a longer word. Each keyword contributes at
most one match, regardless of how often it appears. The asset class with the most matches becomes
the position’s primary assignment; ties are broken alphabetically. We retain up to three additional
asset classes in order of their match counts, but the labor tests use the primary assignment. Positions
with no keyword matches remain unclassified.

We expand the employment spells into a trader x month panel from January 2014 through

June 2025. We truncate spells to this window and treat missing end dates as ongoing through the
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panel’s end. We drop spells without a usable start date or a positive duration within the window.
Each remaining spell contributes observations from its starting month through its ending month,
including both endpoints.

We retain one position per trader-month when spells overlap. Trading roles take priority over
non-trading roles. Within each group, we give priority to positions at a designated set of large
banks. Any remaining tie is resolved by keeping the first record. We carry the selected position’s
employer, asset class, and seniority into the monthly panel and use Revelio’s numerical seniority
score in the regressions.

The mobility tests use trader-months with a primary asset-class assignment from July 2014
onward. We drop unclassified observations before identifying moves and match the remaining records
to the regulatory data by employer, asset class, and month. The employer histories extend beyond
the banks covered by the regulatory data, so we can observe departures to other firms. Comparing
specialization at the origin and destination requires both employers to have the relevant trading
data.

A move is a change in employer between consecutive retained employment records. We assign the
departure to the origin observation and exclude each trader’s final observation from the departure
regressions because no later employment record is available. Consecutive records need not fall in
consecutive calendar months. The destination tests across banks follow traders who remain in the
same asset class. Internal moves are changes in asset class at the same bank, measured more than
12 months after the trader’s first retained observation. This restriction measures time since entering
the panel, not tenure at the current bank. The records do not identify moves between desks within

an asset class.

IA.A.6 Job Postings Data

Dewey LinkUp supplies bank job postings scraped daily. Each posting records the hiring bank, job
title, description, and the dates on which the posting is first observed and later removed.

We classify each posting into an asset class using a large language model (LLM) applied to the
posting text description. For the 26% of postings still unclassified after the LLM classification, we
use a keyword search over job titles. We drop postings that we cannot assign to any asset class
after these steps (about 22% of postings).

We restrict the sample to trading roles and exclude internships, summer positions, and industrial-
placement programs, identified from the job title.

Re-listed vacancies can appear as several consecutive records in the daily scrape. We combine
these records to avoid double-counting the vacancy. Within each bank x asset-class x title group,
we treat a record as a continuation of the previous vacancy whenever its creation date equals the
previous record’s removal date, and as a new vacancy otherwise. We then collapse each chain to
a single observation spanning the first creation date to the final removal date. This yields one

observation per distinct vacancy.
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We construct indicators for ten asset classes—XVA, commodities, credit, equity, foreign exchange,
legacy, municipals, rates, repo, and securitized products—and reshape the data to the posting
x asset-class level. We attribute each posting fractionally: a posting matching k asset classes
contributes a weight of 1/k to each, so that the weights sum to one within a posting. We aggregate
to the bank x asset-class x month level, summing the fractional weights to get the flow of new

postings.

IA.B Model Derivations
TA.B.1 Model Preliminaries

We summarize anticipated customer demand in cluster ¢ by its scaled second moment, M, =
a?y> fECE[d?], which enters the hiring condition in Equation (6).
For predictions about binding constraints, we hold hiring fixed and assume that one bank has a

binding risk budget while the other banks have slack budgets.

TIA.B.2 Trading and Hiring Equilibrium

We solve by backward induction for every ¢ > 0. We first characterize the unique trading Nash
equilibrium after every hiring profile and realization of customer demand. Substituting the resulting
prices and positions into banks’ expected utility gives their hiring objectives. We establish existence
of a hiring Nash equilibrium using concavity and a bound on hiring, and uniqueness by comparing
hiring optimality conditions across two assumed equilibria. The unique hiring equilibrium and
the trading equilibrium after every hiring profile and demand realization together give the unique
subgame perfect equilibrium.

For comparisons at sufficiently small positive ¢, we additionally assume that the marginal value
of the first hire at £ = 0 differs from the wage:

MOy # Ayw[l + (10 + Op )]

for every bank b and cluster c. This excludes equality between the marginal value of hiring at zero
and the wage: each bank is strictly above or below the threshold for starting to hire. This restriction
provides differentiable continuation of hiring and its demand response from ¢ = 0. Existence and

uniqueness below hold for every ¢ > 0 without this additional restriction.

Trading equilibrium. We hold all banks’ hiring fixed. For a positive position in factor f, bank
b’s first order condition gives z, y = pr/(£ + yvp). We write hy . = (£ + ’va,c)_l for the coefficient
on py, so 2 = hy cpy. Greater expertise lowers vy, . and therefore gives bank b a larger position at
a given intermediation price.

Bank b’s objective in Equation (3) has second derivative —2¢ — yvy, . < 0 with respect to 2, f, so

its first order condition is sufficient for its optimal position given rivals’ positions.
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For dy > 0, all banks’ equilibrium positions are positive, and Equation (5) is the unique solution
to their first order conditions and customer inverse demand and therefore gives the unique trading
Nash equilibrium. If dy = 0, any positive position yields negative trading utility, so every bank
chooses zero. Thus the trading equilibrium exists and is unique after every hiring profile and demand

realization.

Hiring objective. Holding rivals’ hiring fixed, we define bank b’s expected trading utility in

cluster ¢ before wage costs as

v 2
Z {Zb,fpf - 2”b,c2b,f}] :

fec

Fb7c(nb7c) =E

For each hiring choice ny . and realization of customer demand, p; and z, ¢ are the resulting trading
equilibrium price and position, and vy . is the residual variance given by Equation (2). We substitute

the equilibrium prices and positions from Equation (5) to obtain

Mchb,c<nb,c)[1 + ghb,C(nb,C)]
1+7¢ Z];ﬁb hj,c + ghb,c(nb,c)]Q .

Fb,c(nb,c) = 2 (15)
[
Bank b chooses hiring in cluster ¢ to maximize Fy, .(np ) — wnyp, . over ny . > 0, holding rivals’ hiring

fixed and anticipating the trading equilibrium after each hiring choice.

Concavity in hiring. We show that F}, . is strictly concave in bank b’s own hiring, holding rivals’
hiring fixed. Strict concavity makes the hiring first order condition and the inequality for zero hiring
sufficient for an optimum. We also use it to establish equilibrium existence below.

Bank b’s expertise is B . = Oy /1 + 1y .. We define its residual payoff precision and differentiate

with respect to expertise:

Pb.c(Ep ):L: o+ B
,C ,C vb,c 1 + :‘<62 (7_0 + Eb,c),
0 1
Pb,c _ - - > 0,
8Eb,c [1 + K (7’0 + Eb,c)]
0? 2k
plz)’c = 2 - 5 <0
OE;, [1+ K2(70 + Ep,c)]

We write Ty . =1+ €34 hjc > 1 for the part of the price denominator that does not vary with
bank b’s own hiring. Since hy, . = pp.e/ (7 + £pb.c), We express bank b’s expected trading utility as a

function of its residual payoff precision:

Dy (o) = M. poe(y+20ppc)
P T Y Moy + (T + D]
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We hold rivals’ hiring and hence T . fixed and differentiate with respect to py, . to obtain

/ (Poc) = My Ty ey + E(?’Tbyc — 1)/0b,c
be\Pbe 2 [Ty + UToe + Dppcl?
2Ty ey + U(The + 1)(3The — L)py
o Mot C ,C ,C ,C
b,c(pb,C) 7 [Tb,c’)/ + E(Tb,c + 1)pb70]4

> 0,

<0.

Bank b’s expertise increases at a decreasing rate with hiring:

8Eb,c _ Ob,c >0
ony, ¢ 2/1+mnypc ’
62Eb,c . Ob,c

=— <0.
ong . 4(1 + npc)3/?

We apply the chain rule using the derivatives of precision with respect to expertise, dpp ./0FEp . > 0
and 9%py,./ 8Eg’c < 0, calculated above:

8pb,c _ apb,c aE‘b,c
onp. OEp. Ongc

2
82pb,c _ 82'017’0 8Eb,c n apb,c 82Eb,c
87”&%’0 aEac 8nb7c 8Eb,c anac

>0,

< 0.

We apply the chain rule to Fp (np.c) = Pp.c(pb,c(Eb,e(npc))) to obtain

2
0 b 32 b
Fy (b)) = O (ppe) ( az b‘) + @E,,C(pb,c)—a : 55 <0
,C b,C

for every ¢ > 0. Subtracting the linear wage bill wn; . preserves this strict concavity.

Existence of a hiring equilibrium. The bounds &}, .(ps,.c) < @}, .(0) = M./(2T3,y) < M./(27)
and Opp/0Ep . < 1 give

Fé,e(nb,c) <

Above the following bound, marginal trading utility is strictly below the wage w, so reducing hiring

raises the bank’s objective. Every hiring best response therefore satisfies

0 < npe < l(MO”Y - 11 . (16)

4yw N

The bound on marginal trading utility also gives Fl; (npc) = 0 as ny . — co. By strict concavity,
bank b has a unique hiring best response in cluster ¢: zero if Fé, .(0) < w, and otherwise the positive
solution to Fy .(np.) = w.

Payoffs in the hiring game are continuous in all banks’ hiring choices: residual variances are

bounded below by 2 > 0, so the trading equilibrium formulas have positive denominators. Using
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Equation (16), we restrict hiring to compact, convex strategy sets without excluding any best
response. Since each bank’s payoff is concave in its own hiring, a pure strategy hiring Nash
equilibrium exists.!”

We combine this hiring equilibrium with the unique trading equilibrium after every hiring profile

to establish existence of a subgame perfect equilibrium. We next establish uniqueness of hiring.

Uniqueness of hiring. At ¢ = 0, the intermediation price is p; = ady, so each bank’s hiring
problem is independent of rivals’ hiring. Each bank’s unique hiring best response therefore determines
the unique hiring equilibrium.

For ¢ > 0, fix cluster c. We prove uniqueness by contradiction. In particular, assume by
contradiction that two distinct hiring equilibria exist. Write bank j’s hiring and position coefficient
in equilibrium k € {1,2} as ngkc) and hg{), respectively. The common price denominator in equilibrium

R c
k is

HP =143 0.
J

Label the two assumed equilibria so that HC(Q) > Hc(l). Since hj . increases strictly with n; . for each

bank j, at least one coefficient differs across the two equilibria. As their sum is weakly greater in

equilibrium 2, some bank b must have hl(fc) > hl()?lc) and hence nt(>22 > nl(,lg > 0.

We differentiate Equation (15) with respect to bank b’s hiring, holding rivals’ hiring fixed. Since
O0H./0ny . = € Ohy /0Ny ¢, marginal trading utility is

M, | oh, [H,
_2Hg’ b’canb,c hb,c

Fy o(n.c) +20(H — 1) — 207y
We compare this expression as a function of ny . and H. on H. > 1+ fhy .. For given customer
demand, holding H. fixed holds the price p; = ads/H., fixed.

Holding H, fixed, we first vary bank b0’s hiring. Hiring raises expertise Ej, . and the coefficient

hp .. Substituting the expertise and variance formulas gives

8hb,c _ 705,0 1+ TO/Eb,c
Onp.c 2 [y + (l+y62) (10 + Ep )]

hb,c 3 > 0.

The numerator 1 + 79/ Ej . decreases with expertise, and the denominator increases. Thus the
product Ay e Ohy o/Onp . decreases with hiring.

The term H./hy + 2¢(H. — 1) — 202hy, . is positive: using H, > 1+ €hy,. gives a lower bound of
1/hp e+ £ > 0. Its derivative with respect to hy . at fixed H, is

o | H H,
| ZE 4 2(H, — 1) = 20hy | = —=5 — 202 < 0.
8hb,c hb,c * ( ) i’ hg,c

17See Rosen (1965).
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Since hy . rises with hiring, this positive term decreases as bank b hires more. Both positive
expressions multiplying M./(2H2) therefore decrease with hiring, while M./(2H?) stays fixed.
Marginal trading utility falls with bank b’s hiring at fixed H..

Next, hold bank b’s hiring fixed. Then M.hy, .(Ohy /Ons.c)/2 is a positive constant, so the sign

of the change in marginal trading utility with H,. follows from

8 [H./hye+20(H, —1) — 202Dy,

OH, 3
B —2Hc(1 + 2€hb70) + 6€hb16(1 + Zhb7c)
B o HE
21+ lhye)(1 — Lhy )
< — ! ’ .
o hb,cL[é1 <0

The weak inequality uses H, > 1+ ¢hj . The strict inequality follows from hy, . = (£ +'yvb’c)*1 < 1/¢.
Thus a larger H., which lowers the price at given customer demand, also lowers bank b’s marginal
trading utility when its hiring is fixed.

(1)

Starting from equilibrium 1, increase H. from Hc(l) to HC(Z) at fixed ny, ., then increase np from
nl()lc) to nfc) at fixed Hc(z). The first comparison weakly lowers marginal trading utility and the
second lowers it strictly. Both comparisons stay in the required domain because Hc(2) >1+ Ehl(fc)
and hy, . rises with hiring.

Bank b’s marginal trading utility is therefore strictly lower in equilibrium 2 than in equilibrium
1. Since nl(fc) > (0, marginal trading utility equals w in equilibrium 2 and must therefore exceed w
in equilibrium 1. This contradicts the hiring optimality condition in equilibrium 1, which requires
marginal trading utility to be at most w. Hence two distinct hiring equilibria cannot exist in cluster
c.

Hiring objectives separate across clusters, so uniqueness in every cluster gives a unique hiring
equilibrium. Together with the unique trading equilibrium after every hiring profile and demand

realization, this gives a unique subgame perfect equilibrium.

Hiring benchmark at ¢ = 0. For the hiring comparisons below, we use the benchmark ¢ = 0,

where the intermediation price p; = ad; does not depend on banks’ hiring. We define

/<c2—|-1/70
1/

which measures total payoff variance relative to unexplained variance at the hypothetical benchmark

Ag =1+ kP9 =

of zero expertise, and is common across banks and clusters and remains fixed as expertise changes.
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We define bank b’s expertise multiplier from hiring in cluster ¢ as t; . = /1 + ny .. Then

M. T0 + Ob,ctb,c

F =
bielTe) 2y 1+ K2(10 + Opetpe)’
M.Oy
F/ — c ,C
b7C(nb7C) 4’7tb,c(A0 + HQOb,ctb,c)Q’ (17)
MOy (Ag + 3620y ot
Fyl (np,e) = eObe(Ao + 36 Opcto.c) <0.

B 8775%,«:(‘40 + H20b7ctb,c)3

At zero hiring, marginal trading utility is FéVC(O) = M.Op./[47(Ao + £2Op)?]. The bank hires
zero if this is at or below w. Otherwise, its unique optimum satisfies Equation (6). We substitute
th,c = Epc/Op, to obtain

MCOiC Egvc
) Npe = 73
4yw Ob7 .

Epo(Ag+ K2 Ep.)* = —1>0. (18)
The left hand side of Equation (18) is strictly increasing in expertise Ep.. Together with the

condition for zero hiring, this determines bank b’s unique hiring choice in cluster ¢ at £ = 0.

Hiring comparisons for small positive ¢. At ¢ = 0, fix the set of bank and cluster pairs
with positive equilibrium hiring, and hold the remaining hiring choices at zero. For each pair with
positive hiring, the first order condition is Fl; .(np ) = w. Banks’ hiring problems are independent
at £ = 0, so the Jacobian of these conditions with respect to the positive hiring choices is diagonal.
Its diagonal entries are the strictly negative second derivatives in Equation (17), so it is invertible.

All denominators in the trading utility formulas are strictly positive at £ = 0, so the formulas
extend smoothly to an open neighborhood in hiring, ¢, anticipated demand M., and organizational
capital. The implicit function theorem therefore gives smooth hiring choices for the bank and cluster
pairs that hire at £ = 0, for sufficiently small changes in these parameters. Their hiring remains
positive by continuity.

For each bank and cluster with zero hiring at £ = 0, the threshold condition at the beginning of
this section makes marginal trading utility at zero strictly less than w. By continuity, this inequality
remains strict at the continued hiring choices. Thus zero remains optimal for these bank and cluster
pairs. If no bank hires at ¢ = 0, the same strict inequalities keep every bank’s hiring at zero for
sufficiently small parameter changes.

The continued hiring choices satisfy every bank’s hiring optimality conditions. Strict concavity
makes these conditions sufficient, and uniqueness established above identifies these choices as
the unique hiring equilibrium. Equilibrium hiring and its derivatives with respect to M. and
organizational capital vary continuously with £. Any fixed strict comparison of hiring or its demand
response established at ¢ = 0 therefore persists for sufficiently small positive £. The same argument

applies locally in M. and organizational capital while the inequalities at zero hiring remain strict.
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IA.B.3 Organizational Capital, Hiring, and Residual Risk

Before presenting the derivations of Predictions 1, 2, and 3, we present Lemma 1, which shows that,
when anticipated customer demand is equal, greater organizational capital gives greater expertise
and lower unexplained and total residual risk. The comparison applies both across a bank’s clusters
and across banks in the same cluster. When expertise is low enough that organizational capital
raises the marginal value of hiring, greater organizational capital also gives weakly greater hiring.

The result holds at zero price impact. It extends to sufficiently small positive price impact when,
at £ = 0, no bank is exactly at the threshold for starting to hire. We then use this result in the
proofs of Predictions 1, 2, and 3 to compare expected trading activity, risk-adjusted returns, and
the expected unattributed share of P&L, respectively, and in the proof of Prediction 5 and the
competitor-constraint extension in Section IA.B.10 to compare residual risk.

We compare bank b in cluster ¢ with bank j in cluster d under the following conditions for

Lemma 1.

1. Anticipated customer demand is equal, M. = My, and organizational capital is greater for
bank b in cluster ¢, Op. > O; 4 > 0. The comparison covers two clusters at the same bank
(j = b, d # ¢) and two banks in the same cluster (d = ¢, j # b).

2. For the hiring comparison, bank b’s expertise in cluster c is low enough that the complementarity
between organizational capital and hiring outweighs the diminishing benefit of reducing residual

risk. Specifically, at £ = 0,

H2E57C <Ay=1+ HZTO.

3. For comparisons with sufficiently small positive price impact, £ > 0, we impose the strict
threshold condition in Section TA.B.2: at £ = 0, every bank’s marginal value of the first hire
in each cluster differs from the wage. This excludes a bank being exactly at the threshold for
starting to hire and keeps the set of positive hiring choices unchanged under small changes in

L.

Lemma 1 (Organizational capital, hiring, and residual risk). Under condition 1, at ¢ = 0, expertise

is greater for bank b in cluster c, and unexplained and total residual variances are lower:

2 2
Eb,c > Ej,da Oub,c < Ou,j,d> Ub,e < Vjd-

Under condition 2 as well, hiring is weakly greater, ny. > njq, with strict inequality if ny. > 0.

With condition 3, these rankings also hold for sufficiently small positive £.

Proof. At £ =0, bank b’s hiring problem in cluster ¢ depends on the bank and cluster only through

organizational capital Oy . and anticipated demand M.. We denote the unique positive solution of
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the hiring condition in Equation (18) as Ej .:

McOiC

b,c( 0+ R b,c) dyw

The left hand side increases strictly and without bound in Ej . from zero, and the right hand
side increases strictly in Oy .. Since M, = My and Oy, > Oj 4, this gives E{;C > E}:d. Marginal
trading utility at zero hiring, Fy .(0) = MOy ./[47(Ao + k20y.c)?], exceeds w if and only if Oy .(Ag +
K20p )% < MCOi ./ (4yw), or equivalently By . > Opc. By Equation (18) and the condition for zero

hiring, expertise is therefore
Ey . = max{Oy, Ei;c}.

Both terms are greater for bank b in cluster ¢, so Ey . > FE; 4. The formulas 0’57177 . =1/(10+ Ep.)
2

b then give both variance rankings.

and vy, = K2 +o

Hiring. By Equation (18) and the condition for zero hiring, bank b’s hiring in cluster ¢ is

£\ 2
Ny = max < 0, Eb’c —15.
' Ob,c

We vary bank b’s organizational capital in cluster ¢ between the two capital levels, holding M, fixed.

We denote a capital level in this range as 61,,6 € [0j 4, O] and the corresponding solution of the
hiring condition as E{f .- At the lower endpoint, M. = My gives Eg‘ . = E5 4. We differentiate the
hiring condition with respect to organizational capital to obtain
Olog E’g‘c 2(Ap + EQE;:C) 0
€ = >0,
0log Op ¢ Ay + 3K2E;C
dlog(E; . /One) Ao — K2Ej,
Olog 51)70 A + 3/@257;;70

The first inequality gives Elf,c < E;. < Ep. at every capital level in this range, so condition 2
gives mQE;’ « < Ao and hence the second inequality. Integrating from O; 4 to Oy gives Ej . /Ob.c >
E]’-‘yd/Oj,d. Hence ng . > njq, with strict inequality if n;, . > 0.

At zero hiring, marginal trading utility at capital level 61),0 is Mcéb,c /[4v (Ao + &261),6)2]. Its

derivative with respect to 6@0 is

0 MOy,

0y Lw(Ao + ;@26,),0)2]
~ Mc(Ag — I€26b7c)
 4y(Ag + K204,)3

where the inequality follows from /<626b,c < H20b7c < ,%ZE;,,C < Ap. Thus greater organizational
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capital also raises the marginal value of the first hire.

Small positive ¢. The continuation argument in Section TA.B.2 preserves the strict hiring,
expertise, and variance rankings for sufficiently small positive £. If neither bank and cluster pair
hires at £ = 0, the strict threshold condition keeps both hiring choices at zero for sufficiently small

positive £, so the weak hiring ranking is also preserved. ]

TA.B.4 Derivation of Prediction 1

We impose conditions 1-3 in Section IA.B.3 for clusters ¢ and d at bank b, taking ¢ > 0 sufficiently
small. For a strict hiring comparison, we assume positive hiring in cluster c at £ = 0.

For trading activity, we compare a core factor f in cluster ¢ with a peripheral factor g in cluster
d, with equal positive realized demand dy = d, > 0. We evaluate positions after banks choose their
equilibrium hiring.

For comparisons of cluster totals, the clusters contain the same number of factors, paired to
have equal positive realized demand. Trading activity is absolute attributed P&L, |z, rxRy|. As in

the model, positions are chosen before the standard normal payoff shock R arrives.

Hiring. Lemma 1 gives ny . > ny 4 and Ej . > Ej 4 for sufficiently small positive /.

In particular, at £ = 0, hiring occurs only in cluster ¢ when

MaOp q cw< MOy

4v(Ao + K20y 0)? Ay(Ao + K20pe)*

The interval is nonempty because anticipated demand is equal and the marginal value of the first
hire increases with organizational capital, as shown in the proof of Lemma 1. The continuation
argument in Section TA.B.2 keeps hiring zero in cluster d and positive in cluster ¢ for sufficiently

small positive /.

Trading activity. Within a factor, position shares are 2,7/ 3>"; 2. f = hpc/ > ; hje, which rise
with the bank’s expertise holding rivals’ expertise fixed. Expected absolute attributed P&L is

2
EHZ{,JERJCH = \/;mzb,f. (19)

Thus expected trading activity is a common positive multiple of the position. At £ =0, Lemma 1
gives vp . < vp 4. With equal positive demand, Equation (5) therefore gives
ady ady

Zp,f = > = Zp,g-
YUb,c YUb,d

Section TA.B.2 establishes that equilibrium hiring is continuous at £ = 0. Residual variances and

equilibrium positions are therefore continuous as well, so the strict position ranking persists for
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sufficiently small positive . Bank b then has greater expected trading activity in its core factor. We
divide by the same bank total to obtain the same ranking for shares of expected activity.

Summing the inequalities for the paired factors gives the same ranking for cluster activity.

JA.B.5 Derivation of Prediction 2

We impose conditions 1 and 3 in Section TA.B.3, taking £ > 0 sufficiently small. Within bank b,
these conditions apply to clusters ¢ and d. Across banks, they apply to two banks in the same
cluster. For the return comparison within bank b, we compare a core factor f in cluster ¢ and a
peripheral factor g in cluster d, with equal positive realized demand dy = d; > 0.

We compare desks with the same number of independent factors. Within each desk, factors have
the same realized demand, positions, and residual variance.

For expected P&L divided by lagged reported VaR, reported VaR is a common multiple of P&L
standard deviation for the same horizon. We hold demand, positions, and variances fixed from the
lagged risk measurement through the return interval.

Lemma 1 gives greater expertise and lower total residual variance in the core, F}, . > FEj 4 and
vy < Upq. For a given realization of customer demand and fixed hiring, bank b’s position z, y and

intermediation price py are fixed. Its residual payoff g, y has mean zero and variance vy ., so

Elmog] = 2o, ppps Var(m,p) = 2j fUpc.

We measure the bank’s risk-adjusted trading return before wage costs as

E
[ﬂ'b,f] _ pf . (20)
Vp,c

\/ Var(m, 5) B Ve

Across banks in the same factor, the price is common and greater expertise gives lower variance and
higher risk-adjusted return. By Lemma 1, specialist banks have greater expertise in the factor’s
cluster than non-specialist banks.

Within bank b, at £ = 0 the intermediation prices are equal, p; = ady = ady = py. Lower core

variance therefore gives

pf>pg

VUbe  A/Ubd

By Section IA.B.2, equilibrium hiring and hence residual variances and intermediation prices are

continuous at £ = 0. The strict return ranking therefore persists for sufficiently small positive 2.

Desk returns. Expected P&L scales with the factor count and its standard deviation with the
square root of that count. The desk’s return ratio therefore equals the ratio for one factor times
the square root of the count, preserving the core and peripheral ranking for equal counts. Dividing

expected P&L by lagged reported VaR rescales both ratios by the same constant, so the ranking is
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unchanged.

TA.B.6 Derivation of Prediction 3

We impose conditions 1 and 3 in Section IA.B.3, taking ¢ > 0 sufficiently small. Within bank b,
these conditions apply to clusters ¢ and d. Across banks, they apply to two banks in the same
cluster. We compare positive positions in a core factor f in cluster ¢ and a peripheral factor g in
cluster d. Positions and payoff loadings are fixed before returns arrive.

Lemma 1 gives Ey, . > Ey g and oy pc < Oyp.d-

Unattributed share. Bank b’s attributed and unexplained P&L from factor f are
Ap g =zpphBy, Upp= 2t

These components decompose bank b’s P&L from factor payoffs, 2, rep r; its revenue from interme-
diation, zp rpy, is outside this share. Bank b observes the unexplained P&L Uy, ¢ afterward.

We define bank b’s standardized unexplained payoff shocks as &,y = s, f/0up, for the core
factor and &, g = up,g/0upq for the peripheral factor. Both are standard normal and independent of
their respective common modeled shocks. For a positive position, bank b’s unattributed share from

factor f is

_ Oupellns
K’|Rf’ + Ju,b,c|£b,f|

Ub’f

Position size cancels. We hold standardized shock realizations fixed and differentiate with respect

to bank b’s standard deviation of unexplained risk to obtain, almost surely,

Up.; |S,¢ 15| Ry -
Ooupe  (KIRf| 4+ oupelés,fl)?

The pairs (Ry, &, ¢) and (Ry, & 4) have the same joint distribution. We evaluate the shares at common
standardized realizations and take expectations to obtain E{U, ¢] < E[Uy 4], since oy p . < 0ypq. The
shares are bounded by one, so expectations exist. Greater expertise lowers the expected unattributed
share even when bank b takes a larger position.

Across banks, we compare positive positions of banks b and j in a common factor f in cluster c,
with greater organizational capital at bank b. Lemma 1 gives oy p . < 0y jc. With & ¢ =1 t/0uje,
the pairs (Ry, &, r) and (Ry,&; ¢) have the same joint distribution, and the same calculation gives
Elth, 5] < EU].

TA.B.7 Derivation of Prediction 4

For sufficiently small positive £, we consider a local anticipated increase in customer demand in
cluster c. The increase multiplies every d in this cluster by (1 +6) in every realization, with a held

fixed, and is anticipated by all banks before hiring.

IA.18



We maintain the strict threshold condition in Section IA.B.2: at £ = 0, every bank’s marginal
value of hiring at zero differs from the wage in each cluster. We compare banks b and j in cluster c,
with greater organizational capital at bank b, Op . > O; . > 0, and positive hiring there at £ = 0.

We assume that bank b’s expertise at £ = 0 satisfies

Ao
=

This restricts expertise to the range where greater expertise raises the sensitivity of hiring to

KZEb’C <

anticipated demand.

Benchmark at £ = 0. Expected trading utility depends on the demand distribution only through

M.. For bank b, which hires a positive amount in cluster ¢, we differentiate Equation (18) to obtain

8Eb7c o Og,c

= > 0.
oM, 4’}/w(A() + H2Eb7c)(z40 + 3H2Eb7c)

Since ny. = E? /O?  — 1, bank b’s hiring response is
s b,c b,c ’ g p

87’1()76 _ Eb,c
oM, — 2yw(Ag + #2Ey.)(Ag + 352Ey.)

> 0. (21)

The same calculation applies to each bank with positive hiring in cluster ¢, so each has a positive
response to M,.

Hiring in other clusters is unchanged because hiring objectives separate across clusters.

Differences across banks. When both banks hire at £ = 0, Equation (18) gives Ej. > Ej
because its right hand side increases with organizational capital and its left hand side increases strictly
with expertise. We denote an expertise level between the two banks’ levels as Elw € [Eje, Epc)-
Then

) By
OBy, | (Ao + K2Ey.) (Ao + 3K2E}.)
AR - 3/@417730

= — — > 0,
(A() + H2E5,6)2(A0 + 3R2Eb,c)2

where the inequality follows from /<;2E’b,c < HZEb,c < Ap/v3. Equation (21) therefore gives
Onp.c/OM; > Onj./OM.,.

If bank j hires zero in cluster ¢ with marginal trading utility at zero hiring strictly below w, its
hiring there stays zero after a sufficiently small demand increase. Bank b already hires and has a

positive response by Equation (21).

Positive price impact. Section IA.B.2 establishes that equilibrium hiring and its derivatives

with respect to M, vary continuously with ¢ under the strict threshold condition. Every bank that
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hires at £ = 0 has a strictly positive demand response there, and bank b’s response is strictly greater
than bank j’s. Thus, for some ¢ > 0 depending on the parameter values being compared, these

strict comparisons hold for every 0 < ¢ < ¢. In particular,

Onpe _ Onjc

)

oM., OM. —

These are derivatives of the joint hiring equilibrium: all banks adjust their hiring and anticipate the
resulting trading equilibrium. Banks that hire zero at ¢ = 0 continue to hire zero locally, by the

strict threshold condition.

Proportional demand changes. Anticipated demand changes to (1 + 6)2M,, so bank b’s
equilibrium hiring derivative with respect to § at 6 = 0 is 2M. Ony/OM.. The multiplier 2M, is
common across banks, so the same ranking applies to responses to the proportional demand increase.
Integrating these continuous derivative inequalities over a sufficiently small demand increase gives

the same ranking for hiring changes.

Clusters within a bank. The same comparison applies to a core cluster ¢ and a peripheral
cluster d at bank b, Oy . > Oy 4, with M, = My and the same proportional increase in anticipated
demand in each cluster. Hiring objectives separate across clusters, and Equation (21) depends on
the cluster only through expertise, so the steps above apply with cluster d at bank b in place of

cluster c at bank j.

TA.B.8 Derivation of Prediction 5

We consider bank b with a binding risk budget in Equation (8) and hold customer demand and
expertise fixed. All competitors have slack budgets. We compare a core factor f in cluster ¢ and a
peripheral factor g in cluster d. We impose conditions 1 and 3 in Section TA.B.3 for clusters ¢ and d
at bank b, taking ¢ > 0 sufficiently small, so Lemma 1 gives vy . < vp 4. We assume equal positive
realized demand dy = d,. We compare percentage changes in positions and expected trading activity

while both positions remain positive.

Positions. We denote the Lagrange multiplier on bank b’s risk budget as Ay > 0. It measures
bank b’s marginal value of an additional unit of risk budget, holding the other banks’ positions fixed.
Bank b’s first order condition for its factor f position is py = (¢ + yvpc)2p r + Aby/Ub,c when zp p > 0.
Each rival has a slack budget and satisfies z; y = h; .ps. We combine these conditions with inverse

demand to obtain

hp,c
Zb,f()\b) = W adf — Abr /Ub,c(l + EZ hj,c) . (22)
J e J#b +
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The positive part sets bank b’s factor f position to zero when Ap\/Upc(1+ €37, 4 hjc) > ady. Each
positive position decreases with \;. Budget usage is their sum weighted by the fixed positive risk
charges /Up¢, o a lower binding positive budget R, requires a larger \p.

While bank b’s factor f position remains positive,

Ologzyy B 1
N adg [[y/Te(L+ L hje)] = 2o

At £ = 0, the ratio ady/[\/Tpc(1 + €3, hjc)] equals ady/,/Vye, so equal demand and lower
core variance make it strictly greater in the core. With dy = dg, this ranking is equivalent to
V(L4035 hje) < \/Ubd(1+ €375 4 hja), which does not depend on Ay, or the level of demand.
By Section IA.B.2, equilibrium hiring and hence residual variances and the coefficients h;. and h;q
are continuous at £ = 0, so the inequality holds for sufficiently small positive £. At the same A,
the derivative of the log position is therefore less negative in the core. The peripheral position also
reaches zero first, since each position reaches zero when Ay equals this ratio. More generally, both

comparisons hold whenever

adf > adg
V(L +€3 5 )~ a1+ €32 hja)

(23)

Trading activity. We integrate the derivatives of log positions over the change in A, to obtain
the same ranking of finite percentage contractions while both positions remain positive. With hiring
fixed, Equation (19) makes bank b’s expected trading activity in each factor a fixed multiple of its
position. Its percentage contraction therefore equals the percentage contraction in that position and

is larger in the peripheral factor.

TIA.B.9 Activity Responses with Fixed Hiring

We use Lemma 2 in the competitor-constraint extension in Section IA.B.10 to compare the other
banks’ responses when rival bank r reduces its position in factor f in cluster ¢ and raises the
intermediation price. The lemma shows that greater expertise in cluster ¢ gives larger increases in

positions and expected trading activity.

Lemma 2 (Activity responses to a common price increase). We hold all banks’ hiring fized and
consider banks with slack risk budgets trading factor f in cluster c. An intermediation price increase
Jrom py >0 to p} > py gives banks with greater expertise larger increases in positions and expected

trading activity.

Proof. With hiring fixed, bank b’s variance v, . and hence hy . = (¢ + ’yvb7c)_1 are unchanged. Its

factor f position therefore changes by
2. — 2bf = ho (P — py)-
Greater expertise lowers vy, . and raises hy ., giving a larger position increase.

TA.21



By Equation (19), bank b’s expected trading activity increases by

2
Elh Ry ) - Bl peByl) = [ o0 — )

The coefficient /2/7 k is common across banks, so expected activity has the same ranking of

increases as positions. O

The lemma also applies to an increase in realized demand with hiring fixed. Equation (5) gives

ady : ahy,c(dy — dy)
= de) — zpp(df) = ——T 12
Py e ) A = e

For d’f > dy > 0, each bank’s position share remains hy ./ 25 e

IA.B.10 Competitor Constraints and Specialist Expansion

We impose a binding risk budget from Equation (8) on rival bank r. We hold customer demand
ady > 0 and expertise fixed, and compare the other banks trading factor f. These banks have slack
budgets. Under conditions 1 and 3 in Section IA.B.3 for two banks in cluster ¢, Lemma 1 gives
specialist banks greater expertise in cluster ¢ than non-specialist banks for sufficiently small positive
L.

We first consider a local tightening while bank r remains active in factor f, then its exit. We

assume £ > 0, since at £ = 0 its withdrawal leaves the price and other banks’ positions unchanged.

Tightening rival bank r’s budget. We denote the Lagrange multiplier on rival bank r’s risk
budget as A, > 0. It measures bank r’s marginal value of an additional unit of risk budget, holding

the other banks’ positions fixed. Rival bank 7’s first order condition for a positive position in factor

fis
pr = L+ Y0rc)zr f + Ay/Orc.

Each responding bank j # r has a slack budget, so its first order condition for its factor f position
gives z;j y = hj;.pr. We combine these conditions with bank r’s first order condition and inverse
demand to obtain

adg + Chy A\ /Urc
1 + E Z] hj}c ’

() = zjf = hjepr(N) (G # 7). (24)

By Equation (22), each positive position at bank r falls with A, so a tighter binding positive budget
raises A,. The price in Equation (24) then rises because the coefficient on A, is positive for £ > 0.

Each responding bank’s position changes by

aZj,f - ghj,chr,cx/vr,c <0
e TSmO
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All terms except hj. are common across responding banks. Greater expertise raises h; . and hence
the position increase.
To compare market shares, we define total factor f exposure as Sy = >, 25 = (ady — py) /L.

Bank j’s share satisfies

0 Zi.f Eadf 8pf
= | =hj " > 0.
Oy ( Sf ) ]7 (adf —pf)2 Oy

The share derivative is positive and proportional to hj., so greater expertise gives a larger market

share gain.

Rival bank r’s exit. We next consider a previously unconstrained bank r exiting factor f and
hold demand and surviving banks’ hiring fixed. We remove h, . from Equation (5). The price rises
from ady/(1 + €3, hye) to ady/(1 + €37, 4, hie). Bank j’s position increases by hj. times this

common price increase, and its market share gain is

hj,chr,c
(36 hoe) bty )

The denominators are common across surviving banks, so specialist banks gain more market share.

> 0. (25)

Tightening bank r’s budget until its factor f position reaches zero gives the same factor f equilibrium

and share gains relative to the equilibrium before tightening.

Trading activity. Lemma 2 shows that the common price increase gives banks with greater

expertise larger increases in expected trading activity. Market shares here refer to positions.

TA.B.11 Derivation of Prediction 6

We compare banks b and j in cluster ¢, with greater organizational capital at bank b, Oy . > Oj. > 0.
We hold all banks’ hiring fixed, with the same number of specialists at both banks, n . = n;. =n,
so both banks have the same expertise multiplier, t, . = t;. = v/1 4 n, which we denote as t. We
compare the banks’ marginal trading utilities at this common staffing level, Fy .(n) — Fj .(n).

As in condition 2, we assume that bank b’s expertise with n specialists satisfies
2 _ .2
K Eb,c =K Obyct < Ap.

This restricts expertise to the range where organizational capital raises the marginal value of hiring.

Benchmark at / = 0. By Equation (17), bank b’s marginal trading utility is

_ McOb,c
4yt(Ag + K2O0p t)?

Fyo(n)
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We denote a capital level between the two banks’ levels as 6@6 € [Oj¢, Op¢], holding t fixed. Then

0 MOy,
651,70 4vt(Ag + 5261,7675)2
_ Mo(Ao — K20y t)
 dyt(Ag + K20 0t)3

where the inequality follows from /@'25b7ct < H20b7ct < Ap. Integrating from O, . to O, gives
Fy .(n) > Fj (n). This extends the comparison of the marginal value of the first hire in the proof of

Lemma 1 to any common number of specialists that satisfies this bound.

Anticipated demand. With hiring fixed, Equation (15) makes each bank’s expected trading
utility, and hence its marginal trading utility, proportional to M.. At ¢ = 0, the difference in

marginal trading utilities is

- % Ob,c . Oj,c
N 4t (A() + 5206,075)2 (A(] + HQOj’Ct)2 ’

Fyo(n) = Fj.(n)

where the bracketed term is positive and does not depend on M.. An increase in anticipated
customer demand in cluster ¢ therefore raises the difference in marginal trading utilities. An increase
that multiplies every dy in cluster ¢ by (1 4 0) in every realization changes anticipated demand to

(14 0)?>M, and multiplies the difference in marginal trading utilities by (1 + J)2.

Positive price impact. With hiring fixed, all denominators in Equation (15) are strictly positive,
so each bank’s marginal trading utility varies continuously with ¢. Thus, for some ¢ > 0 depending
on the parameter values being compared, Fy .(n) > Fj .(n) for every 0 < £ < (. Marginal trading
utility remains proportional to M., so an increase in anticipated customer demand also raises the

difference in marginal trading utilities for these values of /.

Core and peripheral clusters. Suppose cluster ¢ is core at bank b and peripheral at bank
J relative to another cluster d, Oy . > Opq and O;. < O, 4, and bank b has at least as much
organizational capital in cluster d as bank j, Opq > Oj 4. Then Oy, > Opq > Ojq > Oj, so the

comparisons above apply to comparing marginal trading utilities at the common staffing level.
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Figure IA.1: Clusters by Absolute Correlation Threshold. Figure plots cluster counts (solid lines) and singleton-cluster counts
(dashed lines) as the absolute-correlation threshold varies. Singleton clusters contain one risk factor. The panels show the aggregate and
nine asset classes. Correlations use the risk-factor return proxy based on trailing 90-day P&L volatility. Clustering uses the post-2020
sample. Counts are reported at each correlation threshold for the aggregate panel and for each asset class.
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Figure IA.2: Absolute Risk-Factor Correlations. Figure plots absolute risk-factor correlations
by shared bank, cluster, and asset-class membership. The top panel shows box plots; the bottom
panel shows equal-weighted and size-weighted means. Cluster assignments follow the benchmark
based on absolute correlations of risk-factor return proxies scaled by trailing 90-day P&L volatility.
Observations are risk-factor pairs grouped by shared bank, cluster, and asset-class membership.
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Figure IA.3: Signed Risk-Factor Correlations. Figure plots signed risk-factor correlations by
shared bank, cluster, and asset-class membership. The top panel shows box plots; the bottom panel
shows equal-weighted and size-weighted means. Correlations use risk-factor return proxies scaled by
trailing 90-day P&L volatility. Observations are risk-factor pairs grouped by shared bank, cluster,
and asset-class membership.
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Figure IA.4: Risk Limit Utilization Over Time. Figure plots weekly averages of risk limit proximity (solid) and the weekly share of
limit-date observations near capacity, with proximity above 80 (dashed). Proximity measures how close current usage is to the allowable
bound, on a scale where 0 indicates maximum slack and 100 indicates usage at the limit. The sample includes all limit types and sources
from the FR VV-1 reporting form. Series average bank x desk x limit x day observations to weekly frequency.
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Figure IA.5: Asset-Class Concentration and Activity. Figure plots average asset-class HHI against average daily absolute
comprehensive desk P&L, in millions of dollars, with a fitted line. HHI is computed from banks’ shares of total desk VaR within the asset
class, on a 0-10,000 scale. Absolute P&L is summed across desks before averaging over days. The figure uses the full sample. Each of the
nine points is an asset class, with both variables averaged over business days.
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Figure IA.6: Distribution of Cluster Concentration. Figure plots a histogram of average cluster HHI. The HHI uses each bank’s
share of the sum of member risk factors’ trailing 90-day P&L standard deviations in the cluster, on a 0-10,000 scale. The sample pools
the pre-2021 and post-2020 reporting eras, in which clusters are estimated separately; factors with no cluster assignment are pooled into a
residual group. Observations are clusters, with daily HHI averaged within each cluster before binning.
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Figure IA.7: Cluster Concentration and Activity. Figure plots a binned scatter of average cluster HHI against the log of one
plus average daily cluster activity, with a fitted line. Daily activity is the sum of absolute risk-factor P&L across all banks in a cluster,
measured in dollars; the log is taken after averaging over days. HHI is computed from banks’ shares of the sum of member risk factors’
trailing 90-day P&L standard deviations, on a 0-10,000 scale. The sample pools the pre-2021 and post-2020 reporting eras, with separate
cluster identifiers for each era. Points are binned means across clusters, after averaging daily HHI and daily activity within each cluster.
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Figure TA.8: Asset Class Specialization. Figure plots a binned scatter of two asset-class specialization measures, with a fitted line.
The y-axis is a contemporaneous, unstandardized measure constructed analogously to Blickle et al. (2025): the bank’s share of its own
VaR in the asset class minus that asset class’s share of VaR summed across all banks. The z-axis is Specialist: the asset class’s share of
the bank’s total absolute desk P&L, averaged over the 90 calendar days ending the day before the date and standardized over the full
daily bank—asset-class panel. Sample: the full sample period. Points are binned means of bank x asset class x day observations.
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Figure IA.9: Risk-Factor Correlation Distributions. Figure plots densities of absolute correlations between risk-factor return
proxies, separately by asset class. Solid curves show pairs in the same cluster; dashed curves show pairs in different clusters. Each pair
must have at least one year of overlapping data. Distributions use risk-factor pairs within each asset class.
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Clustering Statistics by Asset Class (Signed Correlation)
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Figure IA.10: Clusters by Signed Correlation Threshold. Figure plots cluster counts (solid lines) and singleton-cluster counts
(dashed lines) as the signed-correlation threshold varies. Singleton clusters contain one risk factor. The panels show the aggregate and
nine asset classes. Correlations use the risk-factor return proxy based on trailing 90-day P&L volatility. Clustering uses the post-2020
sample. Counts are reported at each correlation threshold for the aggregate panel and for each asset class.



Correlation Threshold

Asset Class Period 0.05 0.1 0.15 0.2 025 05 0.75
Commodities Pre-2021 37 103 155 186 224 300 316
Post-2020 30 93 139 190 218 291 301

Credit Pre-2021 89 230 350 470 591 920 984
Post-2020 68 180 277 374 460 676 736

Equities Pre-2021 103 273 420 576 707 960 988
Post-2020 102 254 407 544 636 849 875

Foreign Exchange Pre-2021 46 117 177 231 281 387 401
Post-2020 43 102 167 212 259 318 327

Financing and Collateral Pre-2021 39 92 135 162 183 238 241
Post-2020 53 126 183 228 273 332 340

Municipal Pre-2021 14 34 45 54 64 89 95
Post-2020 10 28 40 51 58 82 90

Overlay and Counterparty Risk Pre-2021 27 76 121 166 206 321 344
Post-2020 28 80 124 168 195 263 275

Rates Pre-2021 70 175 281 375 464 672 709

Post-2020 64 194 298 397 480 646 674
Securitized and Structured Products Pre-2021 56 133 192 240 301 469 533
Post-2020 37 97 152 200 252 388 444

Table IA.1: Clusters by Correlation Threshold. Table reports cluster counts as the absolute-
correlation threshold for average-linkage clustering varies across columns. Risk factors are clustered
within asset classes using absolute correlations of their return proxies based on trailing three-month
P&L volatility. The benchmark used elsewhere in the paper is 0.10. Clusters are estimated separately
in the pre-2021 and post-2020 reporting eras. Sample: the full sample period. Each cell counts
clusters at the asset class x reporting era X correlation threshold level.
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Asset Class HHI |PnL|

Repo 6252.30 47,425,071
Muni 3827.77 6,922,816

FX 3028.98 82,175,893
XVA 2669.52 38,971,319
Credit 2556.71 96,943,752
Commodities 2484.38 50,941,398
Equity 2355.88 202,188,204
Rates 2318.08 214,818,749

Securitized Products 2073.40 83,160,702

Table TA.2: Concentration by Asset Class. Table reports average concentration and absolute
desk P&L by asset class. HHI is the average of the daily asset-class HHI defined in Table 4, based
on banks’ shares of total desk VaR in each asset class, and |P&L| is the average daily total absolute
comprehensive P&L of the asset class’s desks, in dollars. Rows are sorted by HHI. Asset-class
labels follow the raw data groupings: Repo, Muni, Equity, and Securitized Products correspond to
Financing and Collateral, Municipal, Equities, and Securitized and Structured Products elsewhere
in the paper. Sample: the full sample period. Each row is an asset class, with daily HHI and
absolute P&L averaged over business days.
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Desk VaR

(1) (2) (3) (4)
SD(Desk PnL) 0.888*** 0.887*** 1.141%** 1.103***
(3.19) (3.19) (4.53) (4.15)
Desk FE Yes Yes
Date FE Yes Yes
N 1,190,984 1,190,984 1,190,984 1,190,984
R? 0.278 0.279 0.217 0.203

Table IA.3: Desk VaR and P&L Volatility. Table reports regressions of desk VaR on the
standard deviation of comprehensive desk P&L over the previous 90 calendar days. Both measures
are in dollars. Constant omitted. Within R? reported. Standard errors are clustered by date and
desk; t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Sample: the full sample
period. Observations are bank x desk x day.
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(1) (2) 3) (4) () (6)

Same Bank 1.00%** 1.05 *** 0.97*** 1.05 ***
(11.75) (11.70) (11.41) (11.70)
Same Asset Class 0.08 * 0.11 ** —0.03
(1.81) (2.13) (—0.69)

Same Cluster 14.08*** 13.22%** 13.25 ***
(54.53) (45.35) (45.03)

Same Bank x Same AC —0.33 *** —0.46 ***
(—3.58) (—4.98)

Same Bank x Same Cluster 2.16*** 2.54 ***
(5.73) (6.75)

Constant 8.78%** 8.96*** 8.95%** 8.76 *** 8.76*** 8.76 ***
(109.46) (109.32) (109.84) (109.10) (109.20) (109.10)

N 34,582,464 34,582,464 34,582,464 34,582,464 34,582,464 34,582,464
R? 0.001 0.000 0.002 0.001 0.002 0.002

Table IA.4: Absolute Risk-Factor Correlations. Table reports regressions of absolute correlations between daily risk-factor return
proxies, multiplied by 100. Cluster assignments use absolute correlations of signed daily risk-factor return proxies. The regressors are
indicators for whether the two factors belong to the same bank, the same asset class, or the same cluster, together with interactions of the
same-bank indicator with the other two. Columns (1)—(3) include the same-bank, same-asset-class, and same-cluster indicators separately;
columns (4)—(6) combine the indicators and interactions as shown. All columns include a constant and no fixed effects. Sample: all pairs
with at least one year of overlapping daily observations. Standard errors are two-way clustered on the two factors in the pair; t-statistics
in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are risk-factor pairs.
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Pij

(1) (2) 3) (4) () (6)

Same Bank 0.02 * 0.03 *** —0.01 0.03 ***
(1.74) (2.83) (—0.89) (2.83)

Same Asset Class 0.03*** 0.05 *** —0.10 ***
(2.94) (4.17) (—8.90)

Same Cluster 22.97** 22.14%** 22.22 ***
(91.57) (77.16) (77.32)

Same Bank x Same AC —0.07 *** —0.18 ***
(—3.57) (—8.35)

Same Bank x Same Cluster 2.57*** 2.7 ***
(6.35) (6.68)

Constant 0.05%** 0.05*** 0.03*** 0.05 *** 0.03*** 0.05 ***
(9.71) (9.95) (6.44) (8.43) (6.29) (8.43)

N 34,582,464 34,582,464 34,582,464 34,582,464 34,582,464 34,582,464
R? 0.000 0.000 0.002 0.000 0.002 0.002

Table IA.5: Signed Correlations of Risk Factors. Table reports regressions of signed correlations between daily risk-factor return
proxies, 100 x p;;. Cluster assignments use signed correlations of the same signed daily risk-factor return proxies used in Appendix
Table IA.4, where assignments use absolute correlations. Columns (1)—(3) include the same-bank, same-asset-class, and same-cluster
indicators separately. Columns (4)—(6) combine these indicators and their same-bank interactions as shown. All columns include a constant
and no fixed effects. Sample: all pairs with at least one year of overlapping daily observations. Standard errors are two-way clustered on
the two factors in the pair; t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are risk-factor pairs.
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Unattributable Share

Main Wider Definition
(1) (2) (3) (4) (5) (6)

Specialist —0.011** —0.010** —0.009** —0.010** —0.008 —0.009*

(—2.58) (—2.23) (—2.22) (—2.26) (—1.67)  (—1.86)
Excess Specialization —0.034 —0.097 —0.080 —0.051 —0.141** —0.103

(—0.57) (—1.55) (—1.32) (—0.73) (—2.09) (—1.58)
Bank FE Yes Yes Yes Yes
Date FE Yes Yes
Asset Class x Date FE Yes Yes Yes Yes
Bank x Date FE Yes Yes
N 1,163,300 1,163,300 1,163,300 1,168,018 1,168,018 1,168,018
R? 0.004 0.005 0.004 0.003 0.005 0.004

Table IA.6: Unattributed P&L and Excess Specialization. Table reports regressions of the unattributable P&L share on desk
specialization and excess specialization. Under the main definition, columns (1)—(3), the outcome is absolute unexplained P&L (Item
10 under the FR VV-1 reporting requirements) divided by the sum of the P&L attributed to existing positions’ risk factors, carry, and
the unattributable component, with all components entering in absolute value. Columns (4)-(6) use a broader numerator as well as a
broader denominator: absolute other attributable P&L enters both. In Table 6, columns (4)—(6) instead add this component only to the
denominator. Specialist is the desk-level measure of Table 6: the desk’s share of the bank’s total absolute daily P&L, averaged over the 90
calendar days ending the day before date ¢ and standardized over the full desk panel. Ezcess Specialization is the bank’s share of its own
VaR in the desk’s asset class minus that asset class’s share of VaR summed across banks, measured at the bank x asset-class x day level,
contemporaneous and not standardized. Constant omitted. Within R? reported. Standard errors are clustered by date and bank-asset
class; t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are bank x desk x day.
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log(Number of Risk Factors) Unattributable Share
(1) (2) (3) (4) () (6)

Specialist 0.114** 0.114** 0.113** —0.010** —0.006*
(2.35) (2.49) (2.47) (—2.26)  (=1.72)

log(Num. of Risk Factors) —0.015* —0.017**
(—2.00)  (—2.26)

Bank FE Yes Yes

Date FE Yes

Asset Class x Date FE Yes Yes Yes Yes Yes

Bank x Date FE Yes Yes Yes Yes

N 1,106,419 1,106,419 1,106,419 1,148,267 1,091,913 1,092,706

R? 0.029 0.030 0.030 0.003 0.006 0.005

Table IA.7: Specialization and Reporting Granularity. Table reports regressions of risk-factor counts and unattributable P&L
shares. In columns (1)—(3) the dependent variable is the log of the number of distinct risk factors to which the desk attributes nonzero
P&L on that day. In columns (4)—(6) it is the unattributable share under the main definition of Table 6, absolute unattributed P&L
divided by the sum of absolute unattributed P&L, carry, and P&L attributed to existing positions’ risk factors. Specialist is the desk’s
share of the bank’s total absolute daily P&L, averaged over the 90 calendar days ending the day before date ¢t and standardized over the
full desk panel. log(Num. of Risk Factors) is that same log count entering as a regressor in columns (5)—(6). Columns (1)—(4) include
Specialist alone, column (5) includes Specialist and the log factor count, and column (6) includes the log factor count alone. Constant
omitted. Within R? reported. Standard errors are clustered by date and bank-asset class; t-statistics in parentheses, where * p < 0.10, **
p < 0.05, *** p < 0.01. Observations are bank x desk x day.
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# Distinct Banks over Horizon

Level Volatility Average RENTD Total RENTD Monthly

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Activity Level 0.205*** 0.183***
(24.37) (21.93)
Activity Volatility 0.179*** 0.160***
(24.13) (21.67)
Average RENTD Limit 0.139* 0.079 0.159*
(1.79) (1.04) (1.94)
Total RENTD Limit 0.092 0.031 0.115
(1.41) (0.49) (1.63)

Horizon 1m 3m 1m 3m 1m 3m 1m 3m 1m 1m
Cluster FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Asset Class x Date FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 2,947,104 2,901,627 2,944,676 2,899,199 262,276 252,986 262,276 252,986 12,540 12,540
R? 0.061 0.049 0.052 0.042 0.005 0.002 0.002 0.000 0.006 0.004

Table TA.8: Demand and Bank Participation. Table reports regressions of subsequent bank participation on cluster demand
measures. The dependent variable is the maximum number of distinct banks active in the cluster over the following 30 calendar days
(“1m”) or 90 calendar days (“3m”). Four demand proxies enter one at a time. Activity Level uses the trailing 90-day mean of the cluster’s
total gross risk-factor P&L, summed in absolute value across all banks in the cluster. Activity Volatility uses the trailing 90-day standard
deviation of the same series. Average RENTD Limit and Total RENTD Limit are built from banks’ internal risk limits justified by
RENTD analysis. For each U.S. dollar-denominated RENTD sensitivity limit we take the maximum absolute value of the upper and
lower bounds as a measure of demand capacity, aggregate across a bank’s limits within a bank-cluster-date by the mean (Average) or
the sum (Total), and then average across banks to reach the cluster-date. Each proxy is log-transformed and standardized over the
cluster-day panel before selecting the monthly observations in columns (9)—(10). Constant omitted. Within R? reported. Standard errors
are clustered by date and cluster in columns (1)—(8) and by cluster alone in columns (9)—(10); t-statistics in parentheses, where * p < 0.10,
*p < 0.05, ** p < 0.01. RENTD regressions use post-2020 observations with cluster-level limit data. Observations are cluster x day in
columns (1)—(8) and cluster x month in columns (9)—(10).
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AActivityy g

1-Day 3-Day 5-Day
(1) (2) (3) (4) (5) (6)
Near Capacity;, x Specialisty, s, 14.232 *** 10.938 *** 6.589 ***
(3.96) (3.68) (2.63)
Utilizationy X Specialisty ¢, 9.040 ** 6.081 * 1.030
(2.12) (1.80) (0.39)
Near Capacityy, —34.117 *** —31.720 *** —28.390 ***
(—5.16) (—5.45) (—5.77)
Utilizationg —38.324 *** —35.729 *** —31.163 ***
(—4.60) (—4.86) (—5.02)
Specialisty, 7, 3.062 *** 0.931 2,717 *** 1.670 3.454 *** 4.643 **
(3.48) (0.35) (3.29) (0.77) (3.90) (2.45)
N 6,573,316 6,573,316 8,206,432 8,206,432 8,516,633 8,516,633
R? 0.001 0.001 0.001 0.001 0.001 0.001

Table TA.9: Constraints and Activity: Bank Fixed Effects. Table reports regressions of changes in risk-factor activity on
specialization and its interactions with bank constraints. The dependent variable is 100 x [ln(Activitnyd +1)— ln(Actz'vitytrail +1)], where
Activity is the risk factor’s absolute P&L, the forward mean is taken over the following 1, 3, or 5 calendar days and the trailing mean
over the previous 90 calendar days. Specialist is the factor’s absolute P&L divided by the bank’s sum of absolute risk-factor P&L that
day, averaged over the 90 calendar days ending the day before date ¢ and standardized over the full risk-factor panel. Near Capacity is
the lagged-VaR-weighted share of the bank’s desks whose maximum limit proximity exceeds 80 on that day. Utilization is constructed
from the lagged-VaR-weighted average across the bank’s desks of each desk’s maximum limit proximity. Both constraint measures are
unstandardized. Odd columns use Near Capacity; even columns use Utilization. Every column includes bank and cluster-by-date fixed
effects. The regressions include each constraint measure, Specialist, and their interaction. The sample uses dates with bank constraint
data in the post-2020 reporting era. Constant omitted. Within R? reported. Standard errors are clustered by date and bank-cluster;
t-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Observations are bank x desk x risk factor x day.
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1-Day 3-Day 5-Day

(1) (2) (3) (4) (5) (6)
Other Banks Proximity,., x Specialisty,, 5.134** 5.255** 5.618"**

(2.06) (2.29) (2.20)
Other Banks Near Capacityy,; x Specialisty,; 3.395* 2.560* 2.769**

(1.70) (1.66) (2.02)

N 180,573 298,752 224,065 371,159 231,117 383,560
R? 0.001 0.000 0.002 0.000 0.003 0.000

Table TA.10: Competitor Constraints and Cluster Activity. Table reports regressions of bank-cluster activity changes on
trai

specialization interacted with other banks’ constraints. The dependent variable is 100 x [ln(Activitnyd + 1) — In(Activity s 1)], where
Activity is a measure of the bank’s absolute risk-factor P&L in the cluster, the forward mean is taken over the following 1, 3, or 5 calendar
days and the trailing mean over the previous 90 calendar days. Specialist is measured at the cluster level: the cluster’s sum of absolute
risk-factor P&L divided by the bank’s sum across all its clustered factors, averaged over the 90 calendar days ending the day before date ¢
and standardized over the full bank-cluster panel. Other Banks Prozimity is the leave-one-out mean, across the other banks active in
the cluster, of each bank’s maximum limit proximity in that cluster-day, weighted by each bank’s mean member-factor trailing 90-day
P&L standard deviation in the cluster; Other Banks Near Capacity is the same weighted mean of an indicator that the other bank’s
maximum proximity in the cluster exceeds 80. Both constraint measures are unstandardized. Odd columns use Other Banks Prozimity;
even columns use Other Banks Near Capacity. The main effects of Specialist and the constraint measures are estimated but omitted
from the table. Every column includes bank-by-cluster, bank-by-date, and cluster-by-date fixed effects. Constant omitted. Within R?
reported. Standard errors are clustered by date and cluster; ¢-statistics in parentheses, where * p < 0.10, ** p < 0.05, *** p < 0.01. Sample:
bank-cluster-days with at least one other bank active in the cluster. Observations are bank x cluster x day.



Destination

Origin Peripheral Core Total % Core
Core 41 256 297 86%
Peripheral 29 68 97 70%
Total 70 324 394

Table IA.11: Core and Peripheral Trader Moves. Table reports the number of moves classified
by whether the trader’s asset class was peripheral or core at the origin bank and at the destination
bank. An asset class is core (peripheral) for a bank in a month if the bank’s monthly share of
absolute desk P&L in that asset class is at or above (below) the bank’s within-month median across
its reported asset classes. Bank—asset-class—months with no reported activity are subsequently filled
with zero and classified as peripheral. The final column reports the share of movers landing at a core
destination. Sample: all moves between covered banks from July 2014 onward for which origin and
destination specialization are both available. Observations are trader moves between covered banks.
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Pairs AUC Within Hit Rate Between Hit Rate
Asset Class Within Between Full Odd Even Odd Even Both Odd Even Both
Commodities 2,549 148,937 0.84 0.75 0.75 0.70 0.68 048 0.29 0.29 0.14
Credit 13,555 1,084,396 0.78 0.71 0.70 0.66 0.63 045 032 032 0.17
Equities 9,628 1,454,589 0.83 0.73 0.74 0.64 068 044 027 027 0.13
Financing and Collateral 2,035 203,223 0.86 0.78 0.73 0.72 0.64 0.46 025 0.25 0.12
Foreign Exchange 3,959 253,993 0.80 0.72 0.69 0.68 0.61 043 032 031 0.15
Municipal 973 17,407 0.76 0.69 0.68 0.69 0.72 0.55 0.39 041 0.23
Overlay and Counterparty Risk 4,720 126,026 0.79 0.74 0.68 0.74 065 051 034 034 0.18
Rates 9,466 828,626 0.81 0.74 0.70 0.70 0.63 046 031 0.32 0.16
Securitized and Structured Products 11,981 515,060 0.79 0.72 0.72 0.71 0.72 0.57 036 0.37 0.20

Table TA.12: Within-Cluster Comovement. Table reports pair counts, AUC statistics, and correlation hit rates by asset class. The
first two columns report the number of factor pairs classified as within the same cluster (“Within”) versus in different clusters (“Between”).
Columns AUC report the statistic Pr(|p|within > |2|between) computed using absolute correlations estimated on the full sample, on odd
trading days only, and on even trading days only. Columns Within Hit Rate report the share of within-cluster pairs with |p| > 0.10
when correlations are estimated on odd days, on even days, and on both subsamples simultaneously; Between Hit Rate reports the same
quantities for between-cluster pairs. Correlations are calculated for risk-factor pairs within an asset class, and the statistics are aggregated

by asset class.
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Value-Weighted Index

Equal-Weighted Index

vs. Aggregate VW Index

vs. AC VW Index

vs. Fama-French Mkt-RF

Mean Stdev  Mean Stdev b t-stat R? (%) b tstat R2 (%) b t-stat R? (%)
Commodities 0.039 0.203  0.023 0.113 035 0.32 0.22 0.14 041 0.22 0.00 -0.03 0.00
Credit -0.036 0.139 -0.012 0.081 0.31 0.25 0.26 0.11 0.19 0.31 -0.01 -0.13 0.00
Equities 0.057 0.107  0.021 0.077 030 0.31 0.19 0.25 0.39 0.20 0.00 0.01 0.00
Financing and Collateral -0.042 0.353 -0.003 0.145 0.22 0.24 0.17 0.11  0.37 0.21 0.00 -0.02 0.00
Foreign Exchange 0.006 0.163  0.004 0.113 038 0.35 0.25 0.15 0.35 0.29 -0.01 -0.14 0.00
Municipal -0.040 0.300 -0.033 0.211 0.07  0.07 049 0.02 0.05 0.62 0.01 0.16 0.01
Overlay and Counterparty Risk -0.018 0.237 -0.023 0.120 0.31  0.33 0.25 0.10 0.25 0.61 -0.01 -0.12 0.00
Rates -0.008 0.141 -0.007 0.085 0.38  0.36 0.25 0.15 0.29 0.24 0.00 -0.09 0.00
Securitized and Structured Products -0.033 0.146 -0.048 0.116 0.37  0.30 0.31 0.18 0.26 0.49 -0.01 -0.15 0.01
Aggregate 0.005 0.067 -0.004 0.049

Table IA.13: Risk-Factor Variation Regressions. Table reports moments of risk-factor return indices and time-series regressions
of risk-factor returns on indices. The first four columns report the daily mean and standard deviation of a value-weighted and an
equal-weighted index of risk-factor return proxies, computed across all risk factors within an asset class and, in the Aggregate row, across
all risk factors. The value-weighted index uses the standard deviation of a risk factor’s P&L in the previous month as weights and
keeps factors with more than 15 days of data in the month. The remaining columns report median slopes and R? across factors in
each asset class, alongside the reported t-statistics, from the time-series regressions Risk Factori = « + BIndex; + €, where Index; is
the value-weighted aggregate risk-factor index, the value-weighted index computed across risk factors in the same asset class, or the
Fama-French equity market excess return. R? columns are in %. Sample: daily from August 2014. The first four columns summarize
daily asset-class and aggregate indices; the remaining columns summarize risk-factor time-series regressions by asset class.
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