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Abstract

Misspecified benchmarks are widespread among active bond mutual funds, driven in
part by the industry’s heavy dependence on the Bloomberg U.S. Aggregate Index.
Active funds outperform their self-declared benchmarks by 3% over a 36-month hori-
zon. However, this outperformance is fully explained by their choice of benchmarks,
which on average have lower systematic risk than actual fund portfolios. When eval-
uated against more appropriate benchmarks identified from return correlations, bond
funds underperform. Benchmark-adjusted returns strongly predict future flows, giving
managers incentives to misbenchmark. Benchmark changes are infrequent, but on av-
erage funds switch to easier-to-beat benchmarks following periods of lower flows, and
subsequently experience a temporary increase in flows. We posit that bond fund mis-
benchmarking is likely to persist due to regulatory changes that cement over-reliance
on aggregate indexes, which do not represent the entire fixed income market.
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Benchmarks are central to the mutual fund industry, serving as the standard against which

fund performance is evaluated and managerial compensation is often determined (Cremers

and Petajisto, 2009; Ivković and Weisbenner, 2009; Sensoy, 2009). However, benchmark-

adjusted performance paints strikingly different pictures in the equity and fixed income

markets. For active equity funds, Chen, Evans, and Sun (2025) document an average three-

year benchmark-adjusted return of -3.22%, with at least half of funds failing to beat their

benchmarks. By contrast, in a large sample of active fixed income funds, we find substantial

benchmark outperformance: the average three-year benchmark-adjusted return is 2.96%, and

more than three-quarters of funds deliver positive benchmark-adjusted performance. These

contrasting performance patterns are also reflected in investor flows. Over the past decade,

active equity funds have experienced persistent outflows amid the rise of passive investing,

whereas active bond funds have continued to attract cumulative inflows (Morningstar, 2024).

The strong benchmark-adjusted performance of actively managed bond funds lends sup-

port to some practitioners’ claim that active management is particularly effective in fixed

income markets and can justify investors’ preference for active over passive bond funds (Fi-

nancial Times, 2026).1 A natural explanation lies in the size and heterogeneity of fixed

income markets (Bessembinder, Spatt, and Venkataraman, 2020). Since benchmark indices

often contain thousands of constituent securities, active managers have considerable discre-

tion to generate excess returns through both security selection and macroeconomic factor

timing (Huang and Wang, 2014; Chen, Ferson, and Peters, 2010).

A fundamentally different explanation, however, is that active bond funds’ benchmark

outperformance is largely a mirage driven by strategic benchmark selection. Because funds

have discretion in selecting their prospectus benchmarks, they may choose benchmarks that

do not accurately capture the risk characteristics of their portfolios, a practice we refer to as

misbenchmarking. If funds systematically adopt benchmarks with lower risk exposure than

1Such arguments in the financial press echo asset-manager marketing materials, including Fidelity’s “Why
active management may be better for bond funds,” JP Morgan’s “Why active fixed income consistently
outperforms the Agg,” and Wellington Management’s “Five reasons to be active in fixed income.”
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their actual holdings—and are thus easier to outperform—then benchmark-adjusted returns

will be artificially inflated. Under this view, the widespread and persistent outperformance of

active bond funds reflects not superior investment ability, but rather a misalignment between

fund portfolios and their stated benchmarks.

In this paper, we investigate whether active bond funds’ self-designated benchmarks are

appropriate measures of portfolio risk and quantify the extent to which benchmark selection

contributes to their measured outperformance. This is an economically important issue

because benchmark-relative performance is central to investor capital allocation decisions.2

Empirically, we show that investor flows respond strongly to benchmark-adjusted returns

controlling for raw fund returns, even when comparing funds within the same Lipper category

and with the same Morningstar star rating. The evidence suggests that investors place

primary focus on performance measured relative to funds’ self-declared benchmarks when

directing capital. Managers thus have a clear incentive to select benchmarks against which

outperformance is easier to demonstrate.

Given the importance investors attach to benchmark-adjusted performance, what indices

do bond funds in the U.S. select as their self-declared benchmark? In a large sample of

actively managed bond funds, we document that approximately 58% select the Bloomberg

U.S. Aggregate Bond Index (the “Agg”) as their benchmark.3 The Agg is designed to

provide broad exposure to U.S. dollar denominated investment grade government, agency,

and corporate bonds. However, Agg-benchmarked funds in our sample span 32 distinct

Lipper investment categories, suggesting substantial heterogeneity in portfolio objectives

and risk exposures. One important dimension of this heterogeneity is a persistent overweight

in corporate bonds, the riskiest issuer sector represented in the Agg. Consequently, many

funds that benchmark to the Agg have investment profiles that are materially riskier than

the benchmark against which they are measured.

2Bogfan and Schrass (2025) surveys mutual fund investors. 86% of mutual fund investors view benchmark-
adjusted returns as either “somewhat important” or “very important” when allocating capital.

3The use of a singular benchmark mirrors the dependence on the S&P 500 by active equity mutual funds
in early 2000s, as documented by Sensoy (2009).
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Furthermore, benchmark selection can explain the full amount of average benchmark-

adjusted outperformance in our sample. Over a 36-month horizon, the average active bond

fund outperforms its self-declared benchmark by 2.96%. Remarkably, this is exactly the

same amount by which the average return in the fund’s Lipper category exceeds the return

on that benchmark.4 This finding suggests that the measured outperformance of active bond

funds is largely attributable to benchmark choice, rather than to fund-specific value added.

To quantify the extent of benchmark mismatch in fixed income asset management, we

identify a better-matched benchmark for each fund in our sample. Following Sensoy (2009),

we define a fund’s corrected benchmark as the benchmark whose returns have the highest

correlation with the fund’s gross returns. We select a universe of 20 potential alternative

benchmarks that span seven credit risk categories (risk-free, government, aggregate, global

aggregate, universal, investment grade corporate, and high yield), and within each credit

risk category, up to four term to maturity buckets (short-, intermediate- and long-term, and

all terms combined). The sparse list of benchmarks mitigates the risk of overfitting, whereby

a fund’s returns could be spuriously attributed to an excessively granular benchmark that

captures noise rather than systematic risk exposures. Within this universe, a fund is classified

as properly benchmarked if its stated benchmark is the one most highly correlated with its

returns.

Only 30% of the funds in our sample are properly benchmarked (have a self-declared

benchmark that has a higher correlation with fund returns than any of the 20 alternatives).

For the remaining 70%, a better alternative is available: replacing the stated benchmark with

the corrected benchmark would raise the return correlation by 0.14 on average, indicating

that a better matched benchmark is readily available. To quantify the effects of misbench-

marking, we conservatively classify a fund as meaningfully misbenchmarked if the corrected

alternative improves the benchmark correlation by at least 0.10 relative to the self-declared

benchmark (the average correlation improvement for this group is 0.30). Importantly, this

4We use Lipper classifications because their quantitative methodology mitigates biases inherent in Morn-
ingstar’s self-reported categorization (Chen, Cohen, and Gurun, 2021).
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method is agnostic to the relative risk exposures of the fund compared to the benchmarks. As

such, a fund that selects a significantly riskier benchmark is as likely to be misbenchmarked

as a fund selecting a significantly lower risk benchmark.

Using this definition, 29% of funds are meaningfully misbenchmarked. These funds earn

gross self-declared benchmark-adjusted returns that are 3.1% higher over a 36-month period

than those of funds in the same lipper category. However, this difference disapears when

we adjust returns for corrected benchmark adjusted returns, indicating that the appearance

of their benchmark outperformance is entirely driven by benchmark selection. Meaningfully

misbenchmarked funds also charge significantly higher expense ratios. As a result, investors

misled by inflated benchmark-adjusted return pay higher fees without receiving better per-

formance.

Greater exposure to credit risk appears to be the primary source of inflated benchmark-

adjusted performance. To show this, we first compare the credit risk category of a fund’s

self-declared benchmark to the credit risk category of its corrected benchmark. We find that

the most common mismatches are funds that select an index in the aggregate category (which

includes investment grade securities, of which about a quarter is in corporate bonds) but

match to the investment grade corporate category (100% investment grade corporate bonds),

the universal category (adds high yield holdings to the aggregate category), or the high yield

category (100% non-investment grade corporate bonds). All three corrected categories result

in meaningful increases in credit risk relative to the self-declared aggregate category. We

find no similar deviations in term to maturity buckets.

To quantify the level of excess credit risk, we measure the relative difference between a

fund’s portfolio characteristics and their self-declared benchmark’s characteristics, comparing

meaningfully misbenchmarked funds to other funds. We find that compared to other funds,

misbenchmarked funds have portfolios that hold 28% more corporate bonds, have a 1%

higher yield to maturity, and have an average credit rating 3 notches higher than their self-

declared benchmark. When compared to their corrected benchmarks, misbenchmarked funds
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show no difference in yield to maturity, and economically small relative deviations on rating

(0.5 notches higher) and corporate bond allocation (9% lower). In other words, active bond

funds mechanically boost reported benchmark-adjusted performance by holding bonds with

substantially greater exposure to systematic credit risk than their stated benchmarks imply.

If funds are using mismatched benchmarks to artificially inflate risk adjusted returns,

then we would expect them to out-perform their properly benchmarked peers. In a regression

setting, we show that meaningfully misbenchmarked funds outperform all other funds with

the same corrected (self-declared) benchmark by 8.6bps (5.9bps) per month, respectively. We

also rule out the possibility that this is driven by yield-seeking behavior (Choi and Kronlund,

2018). Finally, meaningfully misbenchmarked funds have the same gross returns, but have

expense ratios 7.3bps higher than funds matched to the same corrected benchmark.

We address two explanations that relate to the practice of misbenchmarking. First, we

test whether the flexibility of broad bond benchmarks reflects the need to accommodate

dynamic portfolio management. The evidence does not support this view: we find that fund

characteristics deviate from the benchmark characteristics persistently in the same magni-

tude and direction for both mismatched and non-mismatched funds. Second, we address

the possibility that benchmarks may be less relevant to investors, relative to similar funds

based on the funds’ principal investment strategies (“PIS”) section of the prospectus. We

follow Abis and Lines (2024) and systematically examine the PIS section of funds’ Form

497 filings using a large-language model. We find that within funds with that benchmark

to the Agg, there is no systematic difference in funds’ legal authority to hold high yield

securities, a category which is specifically excluded from the Agg. Similar to Hoberg, Ku-

mar, and Prabhala (2018), we argue that the PIS of fixed income funds do not in practice

provide precise guidance on fund strategies and do not correct or exacerbate the incidence

of misbenchmarking.

We next study the incidence, determinants, and effects of benchmark switching. Using

the history of benchmarks reported in fund prospectuses, we find that 20% of funds in
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our sample switch benchmarks at least once, and that 12% undertake material benchmark

changes that alter the credit-risk or time to maturity focus of the benchmark. On average,

these material switches move funds toward benchmarks with lower risk and lower historical

returns, making past benchmark-adjusted performance appear stronger. In our sample,

funds with lower past fund flows are more likely to make material switches, and switching

to a lower-risk benchmark or one with weaker past returns generates a temporary increase

in investor flows.

We conclude by discussing why benchmark misalignment remains pervasive among active

bond funds even as it has diminished among active equity funds. First, we examine whether

institutional oversight and competition from passive funds, factors that Chen, Evans, and

Sun (2025) argue have improved benchmarking in equity funds, mitigate incentives to mis-

benchmark in fixed income. We find that neither the presence of institutional investors nor

competition from passive vehicles weakens the relation between fund flows and benchmark-

adjusted returns. Second, we argue that in contrast to competitive dynamics driving recent

benchmark changes, it is likely that regulatory changes may be exacerbating the use of the

Agg by funds that hold do not hold Agg-like portfolios.

Finalized in October 2022 and implemented in January 2023, the SEC updated their

guidance on benchmark selection and stated that “a “broad-based” index is defined as one

that represents the overall applicable domestic or international equity or debt markets”, and

that “indexes with characteristics....do not qualify as a broad-based index.”5 We document

10 times as many funds adding Agg as a benchmark in 2024 as we have seen in the average

year leading up to 2024, with most of the spike driven by high yield funds who were likely

using an index with an appropriate characteristic (HY rating) as their benchmark. We believe

this regulatory change to be an important impediment to improving benchmark misalignment

in the fixed income market. Given the results of our paper, we would strongly caution the

continued implementation of this rule for fixed income funds, as characteristically-matched

5The updates rule can be found here 2022 TSR Rule.
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benchmarks, rather than a blanket use of an aggregate index, better allows investors to

evaluate managers.

While previous literature has documented misspecified benchmarks in equity mutual

funds (e.g., Sensoy, 2009; Cremers, Fulkerson, and Riley, 2022; Chen et al., 2025), sepa-

rately managed accounts (Elton, Gruber, and Blake, 2014), and pension funds (Augustin,

Binfarè, and Fermand, 2024), we are the first to identify the pervasive nature of strategic

benchmark selection in fixed income markets. In equity mutual funds, the widespread misuse

of the S&P 500 has diminished in recent years (Chen, Evans, and Sun, 2025). Our evidence

suggests that active fixed income funds continue to be misbenchmarked at levels similar

to those documented in the early equity literature. On average, we find that bond funds

change benchmarks less frequently than equity funds (as documented by Mullally and Rossi

(2025)), but recent changes heavily favor switches to benchmarks with less risk.6 The lack of

benchmark changes may also be related to the structural differences in fixed-income and eq-

uities. We argue that an examination of misbenchmarking in fixed income is required, as the

differences across the two markets mean that strategic benchmark selection in fixed income

is likely to have more persistent effects than equities. In equity funds, benchmark mismatch

(and changes) typically exploit backwards looking style premia. Given the large variation in

size and value premia over time (Horowitz, Loughran, and Savin (2000)), the benefit a fund

derives from any given mismatch is transient, and sustaining it requires repeated benchmark

changes. In fixed income, the structural differences between sectors (High Yield vs IG Corp.

vs Treasuries) mean that a fund holding higher credit risk bonds will expect to earn a durable

advantage (Giesecke, Longstaff, Schaefer, and Strebulaev, 2011).Taken together, our findings

have substantial implications for investor decision-making and fund selection in active fixed

income management.

We also contribute to the literature on bond fund performance reporting and evaluation.

657% of all switches post 2019 are to benchmarks that improve a funds’ benchmark-adjusted returns
compared to only 35% before 2019. We argue many of these changes are driven by an SEC rule change. On
average, bond funds switch benchmarks at 1

3 the rate of equity funds.
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Prior research has identified that bond fund managers act strategically in their mark-to-

market valuations to smooth returns (Cici, Gibson, and Merrick Jr, 2011) and in misclassi-

fying their portfolio risk profile to Morningstar to earn higher ratings due to the interme-

diary’s failure to validate the reports (Chen, Cohen, and Gurun, 2021). Misbenchmarking

is a distinct channel that funds use to strategically misrepresent performance directly to in-

vestors. Our evidence suggests that advertised benchmark outperformance, which is used to

attract flows and justify higher fees, reflects strategic selection of easier-to-beat benchmarks,

obscuring the true nature of risk-adjusted returns, irrespective of the existence of actual

managerial skill.7

I. Data

To construct our sample of active bond funds, we use the CRSP Survivorship-Bias-Free

Mutual Funds database to identify all funds that hold at least part of their portfolio in

U.S. corporate bonds. We exclude all ETFs and passive bond funds, identified using the

CRSP index fund flag and fund names. In order to determine whether a fund is using an

appropriate benchmark, we compare its gross returns to the gross returns of a set of 20

commonly used fixed income benchmarks that span the credit spectrum and major time to

maturity buckets; we drop any fund from our sample if its highest correlation is less than

0.75, indicating that its returns are driven by factors outside the scope of fixed-rate bonds.

After matching to benchmark returns and characteristics, our sample includes 1,051 active

fixed income mutual funds between 2010 and 2024.

We collect fund-level data from CRSP, Morningstar, and Bloomberg, including returns,

fund age, fund assets, expense ratio, turnover, and tracking error. We compute the growth

of assets to fund i in month m as

7Early work by Blake, Elton, and Gruber (1993) showed that bond funds underperform broad market
indexes, and Cici and Gibson (2012) found that managers are on average unable to select corporate bonds
that outperform. More recent work argues that active bond fund managers do deliver alpha (Choi, Cremers,
and Riley, 2024), and Kaniel, Pelger, Van Nieuwerburgh, and Zhou (2026) find using machine learning that
past performance reliably predict future performance, consistent with the presence of managerial skill.
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Flowi,m =
TNAi,m − TNAi,m−1 · (1 +Ri,m)

TNAi,m−1

. (1)

Next, we identify each fund’s primary benchmark index using funds’ semi-annual share-

holder reports filed with the SEC and the Morningstar database. For additional tests, we

also collect secondary benchmarks where provided. The funds in our sample use 129 unique

self-declared benchmarks; in order to analyze the characteristics of chosen benchmarks, we

map them via return correlations to a list of 20 common benchmarks that have minimal

overlap in terms of important characteristics, such as credit rating and duration (primarily

due to focus on different term to maturity buckets). The list of benchmarks is found in

Appendix A1.

We collect index-level characteristics for the set of 20 benchmarks from index providers,

including the monthly time series of the number of bonds, number of corporate bonds,

percentage of the index allocated to each of four bond sectors (Treasury, government-related,

corporate, and securitized), yield to maturity, duration, coupon, and credit rating. We

compute each fund’s performance relative to its self-declared benchmark as

SelfDeclaredBmrkAdj.Reti,m = Fund Returni,m − Self-Declared Benchmark Returnm, (2)

where Fund Return is its gross or net reported monthly return.

In order to analyze fund holding characteristics, we obtain bond-level characteristics

primarily from ICE Pricing and Reference Data, supplemented by Mergent’s FISD, ICE

Indexes, TRACE, and name searches to identify bond sectors (Treasury, government-related,

corporate, and securitized). We calculate portfolio-weighted characteristics of bond funds

across the following dimensions: percentage of holdings in corporate bonds, percentage of

holdings in Treasury securities, percentage of holdings in Securitized and Government related
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bonds, average duration of portfolio holdings, average yield-to-maturity of portfolio holdings,

average coupon of portfolio holdings, and average credit rating of portfolio holdings. To

estimate these fund-level characteristics, we require non-missing data for at least 90% of

each fund’s ex-cash dollar holdings, except for credit ratings, where we require coverage of

at least 70% of ex-cash dollar holdings. Summary statistics are presented in Table I.

[Insert Table I here]

II. Stylized Facts about Bond Fund Benchmarking

To understand benchmarking practices by fixed income mutual funds, we first examine vari-

ation in benchmark selection across all funds. Figure 1A displays the frequency with which

each index is designated as a fund’s benchmark. We find that 605 of 1,051 funds (58%) in our

sample select the Bloomberg U.S. Aggregate Index as one of their their benchmarks. The

prevalence of the Agg as a benchmark for fixed income funds is remarkably similar to the

widespread use of the S&P 500 among equity funds documented by Sensoy (2009). During

his 1994–2004 sample period, 44% of equity funds were benchmarked to the S&P 500.

[Insert Figure 1 here]

The fact that a large number of funds select the Agg as their primary benchmark is not

inherently indicative of misbenchmarking. The Agg is a “broad-based flagship benchmark

that measures the investment grade, US dollar-denominated, fixed-rate taxable bond market”

(Bloomberg, 2025); funds providing similar exposures could reasonably select the Agg as their

benchmark. To examine whether such benchmarking is appropriate, we tabulate the Lipper

categories of funds that declare the Agg as their benchmark. Figure 1B shows that the

majority of Agg-benchmarked funds are categorized as Intermediate Investment Grade Debt

Funds, categories with issuer types and risk exposures similar to those of the Agg. However,

a significant number funds with other Lipper categories, including corporate bond and high
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yield funds, also declare the Agg as their benchmark. These Lipper categories represent

market segments not included in the Agg and carry materially different risk-return profiles.

This provides initial evidence that reliance on the Agg as a benchmark may be inappropriate

for a substantial subset of funds.

In Figure 2 we further examine the variation in investment strategies among funds bench-

marked to the Agg. Here, we take all funds benchmarked to the Agg in December 2023 and

plot each fund’s percentage allocation to corporate bonds (y-axis) against the average dura-

tion of its holdings (x-axis). Each circle represents an individual fund benchmarked to the

Agg and the “x” mark represents the Agg itself.

Focusing on corporate bond holdings, the Agg allocates approximately 25% to corporate

bonds. However, among active bond funds using the Agg as their benchmark, there is wide

variation in corporate bond allocations. Some funds hold less than 20% of their portfolios

in corporate bonds, while others allocate more than 80%. This dispersion highlights the

heterogeneity in portfolio composition across Agg-benchmarked funds, suggesting that some

may be more appropriately benchmarked to alternative indices. We observe similar, though

less pronounced, variation in portfolio duration relative to the Agg’s duration.

[Insert Figure 2 here]

We systematically examine the characteristics of funds benchmarked to the Agg, in-

cluding percentage holdings of corporate bonds, percentage holdings of Treasuries, average

credit rating, and average duration, and tabulate their year-by-year distributions relative

to the characteristics of the Agg. Figure 3 shows that the portfolio characteristics of Agg-

benchmarked funds tend to differ substantially from those of the Agg, with wide dispersion

across funds. For example, Panel A shows that funds benchmarked to the Agg hold, on aver-

age, a higher percentage of corporate bonds than the Agg itself. The average over-allocation

to corporate bonds has declined over time, from roughly 20% in 2010 to 8% in 2023. How-

ever, the distribution of corporate bond over-allocation remains wide across funds, with an

interquartile range of more than 21%.
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[Insert Figure 3 here]

Panel B of Figure 3 shows Agg-benchmarked funds’ allocations to Treasury securities rela-

tive to the Agg itself. On average, funds benchmarked to the Agg under-allocate to Treasuries

by approximately 20 percentage points relative to the index. This under-allocation has re-

mained stable throughout our sample period, with wide cross-fund variation. Panel C shows

that Agg-benchmarked funds tend to hold securities with lower credit ratings than the index,

although this difference has narrowed toward the end of our sample period. Finally, Panel D

shows that the average duration of holdings in Agg-benchmarked funds is lower, on average,

than that of the Agg. Duration also exhibits wide dispersion across Agg-benchmarked funds.

As an illustrative of misbenchmarking by funds, consider two examples which are shown

in Appendix .B. First, the J.P. Morgan Corporate Bond Fund primarily invests in corporate

bonds; its investment strategies stipulate that at least 80% of the assets should be in corpo-

rate bonds. The prospectus states that “[t]he Fund is managed relative to the Bloomberg

U.S. Corporate Index”. However, when the fund presents its annual total return on the right

hand side of the prospectus, it lists both Bloomberg U.S. Aggregate Index and Bloomberg

U.S. Corporate Index as comparisons. Moreover, in the fund’s marketing material (“Fact

Sheet”), the relative performance graph only compares the fund return to the Agg, while

excluding the return of the stated corporate benchmark altogether. Notably, the fund’s per-

formance lags the Bloomberg U.S. Corporate Index over the 1-, 5-, and 10-year horizons,

while comfortably outperforming the Agg over the same periods.

Second, the Delaware Strategic Income Fund lists only the Agg as a benchmark. Contrary

to the PIS of the J.P. Morgan Corporate Bond Fund, the Delaware Strategic Income Fund

includes an extremely broad mandate, allowing the fund to hold up to 100% of the fund’s

net assets in high yield bonds. In our data, this fund holds an average of 24% of its assets

in high yield bonds, and all classes of shares outperform the Agg on a 10-year before tax

basis. For each fund, there is an argument to be made that the use of the Agg is done

to artifically inflate risk adjusted returns. For the J.P. Morgan Fund, the fund fact sheet
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provides an argument that the fund is using the Agg as an additional benchmark that it

commonly beats, in addition to a likely properly matched benchmark used in the prospectus.

In contrast, the wide mandate and the persistent holding of high yield bonds by the Delaware

Strategic Income Fund presents a more clear-cut case of misbenchmarking while investing

within the stated objective of the fund.

III. Main Results

A. Strategic incentives for misbenchmarking

We first investigate whether fund managers have incentives to select mismatched bench-

marks. We posit that mutual fund flows are positively influenced by benchmark-adjusted

returns, generating incentives for funds to select poorly matched benchmarks to make their

performance appear more attractive to investors. To estimate the relationship between

investor flows and benchmark-adjusted performance, we estimate the following regression

specification:

Flowi,m = αm+β1SelfDeclaredBmrkAdjReti,m−1+β2UnadjReti,m−1+γXi,m−1+ϵi,m, (3)

where SelfDeclaredBmrkAdjRet is a fund’s net return adjusted by the return of its

self-declared benchmark and UnadjRet is the unadjusted fund net return, both measured

over a 36-month window.8 All performance metrics are measured over a trailing 36-month

window. The vector X includes fund characteristics: the natural logarithm of fund assets,

8Note that the primary prospectus is current as of July 2025, when the data was downloaded from
Morningstar. This may cause mismeasurement of true self-declared benchmark adjusted returns for funds
that have changed their benchmark over time. To confirm that these funds are not driving our results,
we re-run the tests in this section after dropping the sample of funds that have switched benchmarks, as
discussed below in Section III.E The results are robust to this change. Additionally, we find that only 3 of
the 32 meaningfully benchmarked funds that switch benchmarks after the rule change are misclassified due
to Morningstar data issues.
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the natural logarithm of fund age, the expense ratio, and the turnover ratio. Standard errors

are double-clustered by fund and time.

[Insert Table II here]

Table II displays the results from the flow-performance regressions. In Columns (1)

and (2), we show that a fund’s unadjusted return and benchmark-adjusted return are sep-

arately positively related to fund flows after controlling for Lipper category-by-date, and

Morningstar star rating-by-date fixed effects. For example, in Column (2), a one standard

deviation increase in a fund’s 36-month benchmark adjusted return is associated with a 0.33%

increase in monthly fund flow (calculated as 0.0635 coefficient multiplied by 5.22% standard

deviation in SelfDeclaredBmrkAdjRet). In the next few specifications, we include both

the benchmark adjusted return and fund unadjusted return in horse-race regressions. The

results reported in column (3) shows that, when both variables are included as regressors,

benchmark adjusted return is positively associated with future fund flows, while the coef-

ficient on fund unadjusted return is insignificant. This suggests that investors rely heavily

on (self-declared) benchmark-adjusted return of bond funds in allocating their capital. In

column (4), while Morningstar ratings explain some variation in fund flows, consistent with

Ben-David, Li, Rossi, and Song (2022) and Evans and Sun (2021), the positive association

between benchmark-adjusted returns and fund flows remains statistically significant, though

with slightly attenuated magnitude. The coefficient on unadjusted fund return is also pos-

itive, but meaningfully smaller than the coefficient on the fund self-declared benchmark

adjusted returns. Finally, in column (5) we include fund fixed effects and in column (6) we

use a Fama-MacBeth specification. Our results remain robust to these specifications. The

coefficient on tracking error is either statistically indistinguishable from zero, or negatively

associated with fund flows.

Given that bond fund flows respond positively to chosen benchmark-adjusted returns, we

decompose these returns into two components for fund i in Lipper category l in month m:
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SelfDeclaredBmrkAdjReti,l,m = (FundReti,m − LipperRetl,m)+

(LipperRetl,m − SelfDeclaredBmrkReti,m). (4)

The first term on the right-hand side represents fund performance relative to its Lip-

per category peers, capturing returns from active management strategies such as security

selection or reaching for yield that deliver outperformance above the category average. The

second term represents category-level outperformance relative to the fund’s declared bench-

mark, capturing returns that arise when a fund selects a benchmark with mismatched char-

acteristics (e.g., lower risk exposure) relative to the fund’s Lipper category.

In Table III, we examine whether investors can differentiate the sources of a fund’s

benchmark-adjusted returns, and whether fund flows respond differently to within-category

fund performance versus category-benchmark mismatch. If fund investors can “see through”

funds’ strategic choice of benchmarks and compare fund returns against category peers, we

should expect the a fund’s category outperformance of their self-declared benchmark to have

no association with with fund flows.

[Insert Table III here]

The results in Table III show that a fund’s performance relative to its category, and its

category’s performance relative to the benchmark are both significantly positively associated

with fund flows. This suggests that fund investors respond positively to benchmark-adjusted

performance generated by category-benchmark mismatch, above and beyond flows due to

fund out-performance. The significant positive coefficient on category out-performance pro-

vides evidence that bond funds have incentives to strategically game benchmark selection to

attract capital flows.
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B. Mismatched and corrected benchmarks

In this section we examine the extent to which active bond funds select benchmarks that do

not accurately reflect the risk profile of their portfolio holdings and whether such misbench-

marking generates favorable benchmark-adjusted performance. Following Sensoy (2009), we

calculate the correlation between a fund’s gross monthly returns and its chosen benchmark’s

monthly returns over rolling 36-month periods, and compute the average correlation over the

full time series.The majority of funds report a single benchmark. However, some funds report

two or more benchmarks for unclear reasons (Mullally and Rossi, 2025). To be conservative

in this analysis, when a fund reports multiple benchmarks, we designate the benchmark with

the highest correlation with fund returns as the fund’s “primary” benchmark.

We then similarly compute the correlation between the fund’s gross monthly returns and

the returns for the sample of 20 commonly used benchmarks that span the major categories

of the fixed-rate fixed income universe in the United States, range from risk-free to high yield,

and focus on various term to maturity buckets (short-term, intermediate-term, long-term,

and all). The chosen sample of potential alternative benchmarks have minimal characteristic

overlap, which mitigates concerns of multiple comparisons (Sensoy, 2009), and prevents us

from spuriously identifying a fund as misbenchmarked because there is a closely related index

with marginal correlation improvement.

For each of the funds in our sample, we denote the corrected benchmark as the alternative

with the highest correlation to a fund’s gross returns. In Table IV, we show statistics for funds

whose correlation is highest with its chosen benchmark (properly benchmarked) in Panel A,

and for funds whose correlation is highest with an alternative benchmark (misbenchmarked)

in Panel B. Finally, in Panel C, we compute statistics for funds with different levels of

misbenchmarking, as measured by the correlation improvement between their best matched

and self-declared benchmarks.

[Insert Table IV here]
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Of the 1,051 analyzed funds, only 322 (31%) exhibit the highest correlation with their

self-declared primary prospectus benchmark. Panel A of Table IV shows that, for these

funds, their return has an average correlation of 0.96 with their declared benchmarks. In

Panel B, we examine the remaining funds, whose highest-correlated benchmark is different

from their declared benchmark; we term the index with the highest return correlation as

the “corrected” benchmark. The correlation between fund returns and the self-declared

benchmark is 0.77, while the correlation with the corrected benchmark is 0.92; switching

to the corrected benchmark would improve the average correlation by 0.14. Despite being

used by 605 funds in our sample at either the primary or secondary chosen benchmark, the

Bloomberg U.S. Aggregate Index is the best alternative for only 54 funds.

Moreover, funds appear to strategically select benchmarks they can outperform more

easily. For misbenchmarked funds, Panel B of Table IV shows that the corrected benchmark

returns exceed chosen benchmark returns by an average of 10.15 basis points (bps) per month.

When adjusted by their self-declared benchmarks, active bond funds generate average gross

monthly returns of 10.09 bps and net monthly returns of 4.68 bps. However, when adjusted

by their corrected benchmarks, active bond funds generate gross benchmark-adjusted returns

of -0.05 bps, and net benchmark-adjusted returns of -5.46 bps per month.

There is considerable variation in the degree of misbenchmarking. In Panel C of Table IV,

we examine different set of funds for which the best alternative benchmark would improve

the return correlation relative to the self-declared benchmark by various thresholds. A larger

threshold indicates more severe misbenchmarking. For 398 funds with correlation improve-

ments of at least 0.05, self-declared benchmarks underperform corrected benchmarks by an

average of 16.52 bps per month, substantially enhancing reported benchmark-adjusted re-

turns and potentially influencing investor flows. While gross returns relative to self-declared

benchmarks appear economically meaningful for this group (13.66 bps per month), adjusting

fund returns by corrected benchmark returns yields negative benchmark-adjusted perfor-

mance: average gross adjusted returns of -2.85 bps and net adjusted returns of -8.32 bps per
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month.

For subsets of funds where corrected benchmarks improve return correlation by at least

0.10, 0.25, and 0.50, we find increasingly strong evidence that benchmark mismatch inflates

reported benchmark-adjusted returns. For example, among the 47 funds with potential cor-

relation improvements of at least 0.50, the average fund reports gross outperformance of

21.47 bps per month relative to its chosen benchmark while underperforming its corrected

benchmark by 5.89 bps per month on a gross basis. The underperformance is more pro-

nounced on a net basis, averaging -12.03 bps per month. This analysis provides robust

evidence of widespread strategic benchmark selection in fixed income funds.

C. Misbenchmarked funds

In this section we ask two questions: what does a misbenchmarked funds look like? And,

how do misbenchmarked funds outperform their self-declared benchmark? We begin with a

straightforward analysis: comparing the overall level of credit risk in the fund’s self-declared

benchmark relative to its corrected benchmark. In order to do this, we classify our 20

benchmarks into one of seven main categories based on their risk exposure. From least

risky to most risky, these categories are risk-free government, aggregate, global aggregate,

universal, investment grade corporate, and junk.9

[Insert Figure 4 here]

In Panel A of Figure 4, boxes along the diagonal indicate funds that are selecting a bench-

mark within the same credit risk category as their corrected benchmark, while observations

below the diagonal tilt their holdings toward higher credit risk securities. When funds se-

lect a benchmark outside their actual risk category, corrected benchmarks commonly carry

9The following fixed income securities are included in each of these categories: risk-free = 3-month LIBOR;
government = U.S. Treasury; aggregate = U.S. Treasury, securitized, government-related, IG corporate (USD
only); global aggregate = Treasury, securitized, government-related, IG corporate (multiple currencies);
universal = aggregate + U.S. high yield; investment grade corporate = corporate bonds rated BBB- and
higher; and junk = corporate bonds rated BB+ and lower.
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significantly more credit risk than self-declared benchmarks, with a concentration along the

self-declared aggregate category. As an example, approximately 20% of funds in the sam-

ple select an aggregate benchmark but are matched to an investment grade corporate bond

index. Further, roughly 10% move from an aggregate index to a high yield index. As the

Bloomberg U.S. Aggregate Index holds less than a quarter of its portfolio in investment

grade corporate bonds and holds no high yield bonds, funds matching to the categories of

investment grade corporate and high yield are taking on meaningfully more credit risk than

their chosen benchmark.

In Panel B of Figure 4, we conduct a similar test, but examine differences in the term of

the self-declared and corrected benchmarks. It could be the case that funds are staying in a

similar credit category, but shifting along the duration spectrum and holding either shorter-

or longer-term bonds. Panel B shows that shifts in term are much less likely, as the terms

of both the self-declared and corrected benchmarks are the same for over 80% of the funds

in our sample. The largest off-diagonal shift occurs with Agg-benchmarked funds matching

to either a short- or intermediate-term index, representing a shortening of duration relative

to Agg (which holds bonds of all terms to maturity).

Just how much riskier are misbenchmarked funds relative to their self-declared bench-

marks? To answer this, we examine our set of “meaningfully misbenchmarked” funds and

measure the deviation from both their self-declared benchmark, and their corrected bench-

mark across five different risk characteristics. In Table V, we run a regression where the

independent variable is a dummy that takes on a value of 1 if a fund is “meaningfully

misbenchmarked” (defined as a correlation improvement of at least 0.10 between a fund’s

corrected benchmark vs its self-declared benchmark) and 0 otherwise. To measure the risk

of the fund, we use average credit rating, yield to maturity, and duration, % in Treasury

bonds, and % corporate bonds. We then measure the difference in each measure relative to

a fund’s self-declared benchmark, and its corrected benchmark.

[Insert Table V here]
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In Panel A of Table V, the dependent variable in each column is the characteristic de-

viation between a fund’s portfolio and their self-declared benchmark. To ensure we are

comparing funds that hold similar portfolios, we use fixed effects based on the interaction of

Lipper category, corrected benchmark risk category (as shown in Figure 4), and date.10 As

an example, this allows us to directly compare two funds that Lipper categorizes as “Flexible

Income” and match to a high-yield corrected benchmark. If one fund selects the Agg the

other selects a high yield benchmark, this specification measures the differences in the two

funds’ deviation from their self-declared benchmarks.

Across each column in Panel A of Table V, we find that the difference between “meaning-

fully misbenchmarked” funds and their self-declared benchmarks are larger than the differ-

ence for other funds and their self-declared benchmarks. Consistent with misbenchmarked

funds taking on additional credit risk, we find that relative to non-meaningfully misbench-

marked funds, meaningfully misbenchmarked funds have an average credit rating that is

three notches higher than their self-declared benchmarks, have an almost 1% higher yield

to maturity, hold 29% more corporate bonds, and hold 19% less Treasury securities. These

misbenchmarked funds also hold relatively shorter duration securities.

If our corrected benchmarks are truly better alternatives, they should be grouping similar

funds. If two funds are identified as “Flexible Income” by Lipper and match to a high-yield

indexes, we hypothesize that they should have similar portfolio characteristics. In order to

test this, in Panel B of Table V, we compare the characteristic deviation between a fund’s

portfolio and its corrected benchmark. If our method is grouping similar funds, we should see

smaller relative differences across misbenchmarked and non-misbenchmarked. In Columns

(2) and (3) of Panel B, we see no significant difference in terms of yield to maturity and

duration, unlike comparing to self-declared benchmarks. We still find significant differences

10As we have purposefully chosen a sparse set of alternative benchmarks, we include the Lipper category
as it may group funds based on factors that are distinct from sector and term. Within the Core Bond Fund
category, our sample includes properly benchmarked funds that use Gov/Credit, Agg, Corporate, Credit
A, and Universal indexes. Our corrected benchmarks in this group cover each credit rating group from
Government to high yield.
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for credit rating and portfolio holdings in corporate bonds and Treasury securities, though

in the opposite direction when comparing to self-declared benchmarks: misbenchmarked

funds’ portfolios have a credit rating half a notch lower than their matched benchmark, and

they hold 9% less corporate bonds and 2% more Treasury securities. While statistically

significant, these deviations are economically much smaller than the deviations compared to

the self-declared benchmarks.11

As a final exploration of misbenchmarked funds, we confirm in a regression setting our

findings that misbenchmarking leads to benchmark outperformance, but only vis-a-vis self-

declared benchmarks and not corrected benchmarks. In particular, we regress fund gross

returns adjusted for one of the benchmark’s returns on a dummy for meaningfully mis-

benchmarked. Furthermore, to distinguish from bond fund misbenchmarking from reaching-

for-yield behavior (for example, as documented by Choi and Kronlund, 2018), we interact

benchmark-adjusted returns with the fund’s yield to maturity. And finally, we compare

expense ratios for meaningfully misbenchmarked and control funds.12 We include Lipper

category fixed effects, interacted with either self-declared or corrected benchmark and with

month, effectively comparing funds that have the same investment strategy and benchmark

(either self-declared or corrected). We include as controls log fund total net assets, log fund

age, expense ratio, turnover and fund flow. Standard errors are double-clustered at the fund

and month level.

[Insert Table VI here]

Columns (1) to (3) of Table VI examine benchmark-adjusted performance compared to

self-declared benchmarks. Columns (1) and (2) show that funds with meaningfully mis-

matched benchmarks generate significantly higher benchmark-adjusted gross returns com-

pared to other funds in the sameLipper category, outperforming by approximately 6-9 bps

11Furthermore, many corrected benchmarks include 100% corporate bonds; a deviation of -9% corporate
bond holdings implies the fund is holding 91% corporate bonds, which is in effect, a corporate bond fund.

12In unreported tests, we find that the results of VI are robust to using different cutoffs for severe mis-
benchmarked funds. Using a correlation improvement cut-offs of .05, .15., and .25 we find that the results
are similar, both economically and statistically.
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per month.13 In column (3), we include fund yield-to-maturity, and meaningfully misbench-

marked funds continue to generate significantly higher benchmark-adjusted gross returns

even after controlling for these risk measures. Importantly, the coefficient on the interaction

between YTM and the meaningfully misbenchmarking indicator is statistically significantly

negative, suggesting that meaningfully misbenchmarked funds generate strong benchmark-

adjusted performance independent of reaching-for-yield behavior.

In column (4) of Table VI, we look at benchmark-adjusted performance compared to

corrected benchmarks. Meaningfully misbenchmarked funds’ adjusted performance is statis-

tically indistinguishable from control funds, eliminating the outperformance relative to the

self-declared benchmark. In column (5), we also confirm that gross performance not adjusted

for any benchmark is statistically indistinguishable for both sets of funds when comparing

funds with the same corrected benchmarks.

While meaningfully misbenchmarked funds generate similar gross return as compared

to other funds, they also charge a higher annual expense ratio to investors. In column

(6) of Table VI, we show that relative to funds within the same Lipper category with the

same corrected benchmark, meaningfully misbenchmarked funds charge significantly higher

expense ratios of approximately 7 basis points per year compared to control funds. Therefore,

misbenchmarking appears attractive for fund managers: they are able to market better

benchmark-adjusted performance, attract higher investor flows, and charge higher fees for

their assets under management.

D. Alternative explanations for benchmark outperformance

While our results so far point to funds purposely selecting benchmarks with lower credit risk,

in this section we address two alternative explanations for the pattern of misbenchmarking

we observe. If a manager is engaging in active management and sector rotation across fixed

income sectors based on risk-return tradeoffs, our correlation as measured over the life of

13Compounding the monthly return results in approximately 2.1% to 3.1% 36-month outperformance for
misbenchmarked funds relative to non-misbenchmarked funds.
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the fund may result in spurious mismatches. Furthermore, selecting an index like the Agg

with multiple sectors may be appropriate for funds that engage in active sector rotation,

since benchmark changes are much less frequent than portfolio allocation changes. If it is

the case that our measure of misbenchmarked funds is selecting more active funds, then

we would expect that a fund’s deviation from benchmark characteristics would change over

time. In contrast, if funds are always deviating from their benchmark in the same way (e.g.,

always taking higher credit risk), then the measurement of a fund’s deviation would be highly

persistent. We measure this in the following regression:

CharDiffi,m = α+ β ∗ CharDiffi,m−12 + ϵ (5)

where CharDiffi,m is the signed difference between the fund’s characteristic in month

m minus its self-declared benchmark’s characteristic. The characteristics we examine are

credit rating, yield to maturity, % corporate, and % Treasury. We measure the persistence

for meaningfully misbenchmarked funds and other funds separately. The results are in Table

VII.

[Insert Table VII here]

In contrast with a sector rotation story, Table VII documents an extremely high level of

persistence across both types of funds in our sample. Odd columns show the results for funds

that are not meaningfully misbenchmarked, while even columns show the results for those

that are meaningfully misbenchmarked. Although both sets of funds have highly persistent

portfolio deviations, across all characteristics, the signed deviations for misbenchmarked

funds is even more persistent, indicating that desire for portfolio flexibility does not explain

the practice of misbenchmarking.

Next, we examine the possibility that not only are misbenchmarked funds selecting poorly

matched benchmarks, they are also deviating outside of their main investment strategy.

While the stated benchmark provides a visual through which investors can evaluate the
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performance of the fund relative to a stagnant, passive benchmark, recent literature in equity

markets has moved towards redefining what constitutes a benchmark. Abis and Lines (2024)

use the principal investment strategies (“PIS”) section of funds’ prospectuses to determine

the investment strategy of a fund. By utilizing the details of the legally binding statements,

the authors claim they are better able to develop a benchmark that captures niche and time

varying investment strategies that can potentially deliver outperformance and drive flows.

Using a large-language model, we conduct a systematic evaluation of 997 of the funds across

each of their Form 497 filings across our sample.

The strategy discussions are, in practice, very broad. A large number of the statements

broadly state the fund invests in fixed income. Further, many provide permissions to deviate

from the explicitly stated strategy through statements such as “80% of the fund shall be

invested in investment grade fixed income” without specifying the remaining 20%, stating

that they “shall principally invest in”, or even stating that “the manager may deviate.”

In our analysis of PIS, we examine the sample of funds that benchmark to the Bloomberg

U.S. Aggregate Index, and examine their investment strategy related to high yield bonds,

a sector excluded from the Agg. In contrast to the investment grade-only Agg, 75% of the

Agg-benchmarked funds state that investment in high yield bonds is explicitly allowed. 81%

are deemed to be legally allowed to hold high yield through modifications such as the 80%

minimum. Only 15 funds explicitly ban investment in high yield.

Further, among these Agg-benchmarked funds, we examine whether the PIS are statisti-

cally different for meaningfully misbenchmarked funds and all other funds. Here, we regress

the misbenchmarked indicator variable on two separate indicator variables. In columns (1)

and (2) of Figure 5 the dependent variable is an indicator that takes the value of 1 if the

fund explicitly allows investment into high yield bonds. In columns (3) and (4), the indica-

tor variable takes the value of 1 if the fund is legally allowed to invest in high yield bond.

All columns use Lipper objective code fixed effects, and columns (2) and (4) add corrected

benchmark fixed effects. While misbenchmarked funds are more likely to allow investment
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into high yield bonds, this difference becomes insignificant once we control for the funds’

corrected benchmark. Overall, we conclude that misbenchmarked funds are not deviating

outside of their PIS more than non-misbenchmarked funds, and support the conclusion of

Hoberg et al. (2018) that the PIS of fixed income funds in practice do not in practice provide

precise guidance on fund strategies.

[Insert Figure 5 here]

E. Bond fund benchmark changes

In this section, we focus on a subset of bond funds that have changed their benchmark within

our sample period. To this end, we manually collect from SEC EDGAR the full time series of

each bond fund’s self-declared benchmark(s) from their summary prospectuses. Through our

sample period, 205 funds (20% of our sample) make at least one change to their benchmark,

with 350 fund-years involving a benchmark change.14 But not all benchmark changes result

in a significantly different benchmark profile for the fund; for example, a fund may add one

HY index while dropping another. We therefore define a “material” benchmark change as

one where the fund’s benchmark moves from one credit risk category to another, or from

one time to maturity category to another. For the purposes of this analysis, we classify

benchmarks into one of six risk categories (Risk-free; Government; Aggregate; Universal;

Investment Grade Corporate; and High Yield/Equity) and one of four term categories (short-,

intermediate-, and long-term, and all).

In Figure 6, we plot the number of changes by year in three nested categories: the height

of the light blue bars shows the number of funds adding the Agg as a benchmark; the height

of the light gray bars shows the number of funds adding the Agg plus all other material

changes; and the height of the dark gray bars shows the number of funds adding the Agg,

14For the purposes of this analysis, we do not distinguish the ‘order’ in which benchmarks are presented,
so a fund that keeps the same set of benchmarks but swaps the primary and secondary benchmark is not
counted as a change.
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plus all other material changes, plus all non-material changes (in other words, total number

of changes in a year).

[Insert Figure 6 here]

There is a significant number of funds adding the Agg as benchmark in 2024. We hypoth-

esize that this is driven by the SEC rule change regarding “Tailored Shareholder Reports for

Mutual Funds and Exchange-Traded Funds”, which was implemented in January 2023 and

requires funds to employ a broad-based securities market index, which some have argued

includes the Agg (despite the fact that the Agg does not hold any high yield securities).15

For the subsequent analysis, we therefore exclude benchmark switches up to and including

2022; benchmark changes in 2023 and 2024 may have been compelled by regulatory changes

rather than the decision by the fund.

To get a sense of the magnitude of the rule change in driving benchmark changes, 43 of the

205 benchmark changes come the SEC updated their benchmark recommendation. Further,

we classify 38 of these 43 rule changes as material. These represent 30% of the material

switches across our full sample. Excluding the years after effective date, only 15% of our

funds ever make a switch, with 8% of funds making material switches. This is substantially

lower than the 37% of equity funds that make a switch, and the roughly 22% of equity funds

that switch to a benchmark that improves their relative return. Taken together, bond funds

seem to make significantly fewer benchmark changes relative to equity funds. 16.

In Table VIII, for all fund-years with benchmark changes, we compare the fund’s bench-

mark risk category in year t (displayed in rows) to its benchmark risk category in year t+ 1

(displayed in columns).17 For example, if a fund has an IG Corp benchmark in year t and

adds an Agg benchmark in year t+ 1, we count it as a “IG Corp-to-Agg” change. If a fund

15We further discuss this rule change in the following section.
16We calculate 22% as the 37% of all funds making a change reported by Mullally and Rossi (2025) and

multiply that by 60% which is the mid-point of their estimate of the number of funds that improve relative
returns

17There are many funds that perform benchmark changes in two year increments, with a typical pattern
of benchmarks of index A in year t-1, indexes A and B in year t, and index B in year t+1. For purposes of
these transition matrices, these two-year changes are counted as one change.
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uses both an Agg and a Universal benchmarks in year t and drops the Universal benchmark

in year t+ 1, we count it as a “Universal-to-Agg” change.

[Insert Table VIII here]

We first observe that there are a large number of observations on the diagonal, indicating

that funds change their benchmark indexes within the same risk category. On the off-diagonal

elements, we show fund benchmark changes in which the risk category of the benchmarks

changes (“material” changes). Of note, here we show that across almost all categories, the

most common switch is a change to an Aggregate benchmark. By ranking the categories

according to increasing risk, we also show that there are slightly more funds that move their

benchmarks toward lower risk categories (46 moves below the diagonal line) than toward

higher risk categories (42 moves above the diagonal line).

Why do funds change their benchmarks? The most straightforward explanation for a

benchmark change is a concurrent change to the funds’ investment strategy. Here, a signifi-

cant shift in strategy would require a change in the fund benchmark to match the new risk

characteristics of the portfolio. However, when we compare the Lipper investment category

of benchmark-switching funds, we only find 23 instances (out of 205 changes) where the

category is different before and after the benchmark change. As a result, we do not think

strategy switches are driving our results.

Another possible reason to change benchmarks is to improve the optics of the fund’s

performance. Simply put, by adding a benchmark with lower returns than current bench-

marks or dropping a benchmark with higher returns than remaining benchmarks, a fund can

improve the reported benchmark-adjusted return (Mullally and Rossi, 2025). In order to

examine this possibility, we define ∆BenchmarkRet as follows. For benchmark additions:

∆BenchmarkRetp,t = Return Addedp,t −Return Existingp,t. (6)
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For benchmark deletions:

∆BenchmarkRetp,t = Return Remainingp,t−1 −Return Droppedp,t−1. (7)

Across benchmark additions and deletions, the interpretation on the sign of ∆BenchmarkRet

is the same: a negative number indicates that the fund has switched benchmarks in a manner

that improves their self-reported benchmark-adjusted return.18

In Figure 7, we plot the 5-year ∆BenchmarkRet for material changes in the left column,

and negligible changes in the right column. Funds with a material benchmark additions and

deletions result in significantly negative changes in benchmark returns (-0.5% and -0.9%),

which means that new benchmark returns are easier to beat on average than their previous

benchmarks. Changes in benchmark return profiles are insignificant for negligible changes.

[Insert Figure 7 here]

If funds strategically add or drop benchmarks to improve their perceived performance,

we hypothesize that the funds most likely to do this would be those that have either under-

performed in the past, or have received lower investor flows. We examine this possibility in

Table IX. To test the relationship between past performance and the likelihood of switch-

ing we use the following linear probability model on a fund’s decision to switch based on

historical performance:

D(Switchi,t) = alphac,t + β ∗ 3yr returni,t + β ∗ 3yr flowi,t + controlsi,t + ϵi,t, (8)

where D(Switchi,c,t) is a dummy that takes on a value of 1 if fund i in Lipper category c

changes benchmarks in month t. In our tests, we split benchmark changes into two distinct

18Note that there is a slight difference in timing for measuring return differences. For benchmark additions,
we can observe the returns of added and existing benchmarks in the year of benchmark addition. However,
for benchmark deletions, we can only observe the return of both dropped and remaining benchmarks as
reported by the fund in the year prior to the deletion.
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types. Material switches include any benchmark switch where the new benchmark has a

different credit risk than the old benchmark. Negligible switches are those where the switch

did not result in a change in the risk category of the benchmark, and zero for control funds

and switches where benchmark risk categorization changed. We use past 36 month gross

fund returns, and the average fund monthly flows over the previous 36 months to capture

the incentives that may be driving benchmark changes. For the sample of control funds, we

include only those funds that never make a benchmark change that are in the same Lipper

category as the switching fund; we include Lipper category-by-month fixed effects to compare

within category fund performance. Fund-level controls include expense ratio, turnover ratio,

the natural logarithm of fund age and the natural logarithm of lagged fund assets. Standard

errors are clustered by year.

[Insert Table IX here]

The results reported in Table IX show that, funds make material benchmark changes in

response to lower past flows, but benchmark changes that do not involve a change in the

credit risk, are unrelated to past performance or flows. For material switches in Columns

(1) and (3), we find that gross fund returns are unrelated to the likelihood of material

benchmark changes. Instead, switches are highly correlated with past fund flows. As flows are

directly linked with both manager compensation, and family profits, there is clear incentive

to change benchmarks following a period of lower flows in order to inflate benchmark adjusted

performance. In Columns (2) and (4), we find no such relationship for negligible switches.

This would be consistent with funds changing an index provider, but making no change in

the credit risk of the benchmark. In Columns (3) and (4) we exclude 2023 and 2024 from

the sample period. This ensures that we avoid any potential confounding effects from the

SEC regulation change.

Finally, we examine if benchmark changes are successful in increasing fund flows. To

do this, we examine the dynamics of monthly fund flows around the changes of bond fund

benchmarks. For each benchmark change event in month t, we consider month t − 36 to
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month t− 13 as the pre-period and month t+ 1 to t+ 24 as the post-period.19 The control

sample includes funds that never make change to their benchmarks in our sample period.

We then estimate the effect of benchmark changes on fund flows in the following framework:

Flowi,t = αi + γt + βPostt ×BmrkChgi + Controls+ ϵi,t. (9)

Since we include both fund fixed effects and event-by-time fixed effects in the regression,

coefficients of the base level of Post and BmrkChg are absorbed. In some specifications, we

interact our coefficient of interest with variables that separate the benchmark switches into

sub-categories, including whether the fund switches to a lower risk benchmark, or whether

the ∆BenchmarkRet of the new index is negative (e.g., making benchmark returns easier

to beat).

[Insert Table X here]

In column (1) of Table X, we find that, on average, fund flows are relatively unchanged for

a fund that changes its benchmark. However, as column (2) indicates, if a fund switches to

an alternative benchmark with a lower risk exposure profile, investor flows in the ensuing 24

months are significantly relatively higher than the flows prior to the change of benchmarks.

This is consistent with the notion that investors are attracted to the fund’s seemingly higher

benchmark-adjusted return after the fund switches to an easier-to-beat index. Similarly, in

column (3), funds that add or drop an index in a way that makes performance appear better

experience significantly higher relative flows after the switch. In column (4), we include both

lower risk and lower return, as well as an interaction term for changes that include both of

these terms; here we see that the significant increase in flows is due to the switch to lower

risk benchmarks. This represents another significant difference between misbenchmarking in

fixed income and equities. Equity fund managers cannot reliably predict when a particular

style or size tilt will be easier to beat, so they rely on switching to benchmarks with lower

19As we do not know the precise month in which a fund changes its benchmark within a year, we discard
the observations between month t− 12 and t− 1.
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past returns (Mullally and Rossi (2025)). Due to the clear delineation in bond markets of

risk categories, and more predictable return differences, fund managers are able to shift to

lower risk benchmarks that they will also be more likely to beat in the future, regardless of

past returns.

We plot these fund flows in Figure 8. Noticeably, funds that make meaningful switches to

a lower risk benchmark (blue long dash line) have much higher post-switch flows, compared

to all switches (gray solid line).

[Insert Figure 8 here]

In this section we document multiple novel facts about active bond funds that make

benchmark switches. First, while equity funds have moved toward more accurate benchmarks

(Chen et al., 2025), active bond funds have continued to switch to lower-return, easier-to-

beat benchmarks, even in the later part of our sample. Second, our results are driven by

material benchmark switches, where a fund moves to a benchmark in a different risk or term

category, as opposed to negligible benchmark switches. It is the material switches that move

funds’ benchmark returns lower on average%, and these switches are done by funds with

lower flows. And finally, it is only funds that make material changes who experience higher

fund flows.

IV. Discussion: The Persistence of Misbenchmarking

The pervasive benchmark misalignment we document among active bond funds raises im-

portant questions about the underlying drivers and the forces that might constrain it. In

this section, we discuss several reasons why misbenchmarking persists in fixed income mu-

tual funds in contrast to equity funds and examine the limited effectiveness of market-based

oversight in disciplining this behavior.

A primary justification for the use of broad-based benchmarks, such as the Bloomberg

U.S. Aggregate Bond Index, is that they provide managers flexibility to rotate across sub-
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sectors and adjust portfolio risk dynamically. Our evidence, however, suggests that such

flexibility is not central to the behavior of the funds in our sample. As previously discussed

in Table VII, funds’ deviation from their self-declared benchmark in terms of credit risk is

highly persistent over time. The evidence therefore indicates that deviations from stated

benchmarks do not primarily reflect temporary tactical re-allocations, but rather persis-

tent deviations compared to a chosen benchmark that could be addressed by moving to a

better-matched benchmark.

Misbenchmarking also appears to be more persistent among active bond funds than in

the equity mutual fund sector. For active equity funds, Chen et al. (2025) show that institu-

tional oversight and passive competition mitigate misbenchmarking over time by debiasing

investors and disciplining managers’ benchmark choices. We test whether these same forces

operate in fixed income and find no evidence that they do. In our sample, the average mis-

benchmarked bond fund has 60.6% of assets in institutional share classes, compared with

57.8% for the average properly benchmarked fund. Contrary to the sophistication one might

expect from professional investors, mismatched bond funds therefore exhibit higher insti-

tutional ownership than properly benchmarked funds, suggesting that benchmark selection

receives limited scrutiny even from institutional capital.

Similarly, we find no evidence that institutional investors weaken the sensitivity of fund

flows to benchmark-adjusted returns, the key channel we study in Table II. In Panel A of

Table XI, we test whether the flow-performance relation changes with the level of Institutional

by interacting benchmark-adjusted returns with institutional share ownership. If greater

institutional presence dampens investors’ reliance on benchmark-adjusted performance and,

in turn, reduces managers’ incentives to misbenchmark, we should expect the coefficient on

the interaction between benchmark-adjusted return and institutional share to be negative.

Instead, our results suggest that the level of institutional holdings does not attenuate the

relationship between flows and benchmark-adjusted returns.

We also find no evidence that competition from passive investment vehicles mitigates
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misbenchmarking among active bond funds. In Panel B of Table XI, the interaction between

Passive % and benchmark-adjusted return is positive. This result indicates that the sen-

sitivity of investor flows to benchmark-adjusted performance does not weaken when more

passive alternatives are available within the same investment category. If anything, it be-

comes stronger. This pattern contrasts with the evidence from the equity market, where

Chen et al. (2025) argue that the rise of passive funds makes active managers’ attempts to

obfuscate performance less effective.

[Insert Table XI here]

The absence of the usual disciplining forces from institutional investors and passive com-

petition may be surprising, as each of these are well documented in correcting agency prob-

lems in mutual funds (Ferreira, Matos, and Pires (2018),Cremers, Ferreira, Matos, and Starks

(2016), Evans and Fahlenbrach (2012)). In contrast to this, one potential explanation for

the persistence of misbenchmarking is a recent SEC rule change. After the SEC passed Rule

33-6988 in 1993, funds were required to list an appropriate broad-based benchmark. Where

oversight has been quite limited in the past, the SEC updated this rule in October 2022

clarifying their guidance on benchmark selection and stated that “a “broad-based” index

is defined as one that represents the overall applicable domestic or international equity or

debt markets, as appropriate”, and that “indexes with characteristics....do not qualify as a

broad-based index.” Examples of these characteristics given in the rule include “growth,”

“value,” “ESG,” or “small- or mid-cap,” suggesting the SEC’s focus on equity markets in

designing this rule. But as a consequence and with the industry’s potentially misguided

belief that the Bloomberg U.S. Aggregate Index is a true ‘broad-based’ fixed income market,

there may be higher future reliance on the Agg by funds which do not hold Agg-matching

portfolios. While not causal, as Figure 6 shows, 2024 saw by far the most number of bench-

mark changes in our sample, with the vast majority of these being switches to the Agg by

funds with riskier indexes. Prior to 2024, the widespread use of the Agg likely represented

a systemic preference for a single, highly visible performance hurdle. That, in conjunction
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with updated SEC rules, will arguably exacerbate the issues with fixed income benchmark

selection we document in the paper.

V. Conclusion

This paper provides systematic evidence of widespread misbenchmarking among active bond

mutual funds. We document that these funds choose benchmarks that do not accurately

reflect their risk exposures or investment strategies. By strategically selecting lower-risk,

lower-return benchmarks, these funds generate inflated benchmark-adjusted returns that

attract significant investor flows despite delivering no genuine risk-adjusted performance.

While benchmark switches are relatively rare, underperforming funds exhibit a clear pattern

of switching to benchmarks with lower risk profiles following poor performance, suggesting

intentional gaming rather than benign misspecification. Despite passive and institutional

investors driving better matched benchmarks in equity markets, a large percentage of fixed

income funds remain misbenchmarked.

Our findings have important implications for investors, asset managers, and regula-

tors. For investors, our results highlight the critical need to look beyond benchmark-

adjusted returns when evaluating bond fund performance. The positive relationship between

benchmark-adjusted returns and fund flows, even when generated purely through benchmark

mismatch, suggests that many investors fail to account for the appropriateness of funds’ self-

declared benchmarks. For the asset management industry, our evidence that meaningfully

misbenchmarked funds charge significantly higher expense ratios while delivering inferior

risk-adjusted performance raises concerns about value destruction.
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Figure 1. Fund Benchmarks and Lipper Categories
Panel A reports benchmarks used by at least 10 funds in our sample (includes both primary and
secondary prospectus benchmarks from Morningstar). Panel B reports the number of funds in
each Lipper category that use the Bloomberg U.S. Aggregate Index as a benchmark. A category
is only listed if more than 5 funds use the Agg as a benchmark.
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Figure 2. Cross-Sectional Fund Characteristics by % Corporate Bond Holdings and
Duration
The sample for this figure is all active bond funds that list the Bloomberg U.S. Aggregate Index
as a benchmark in December 2023. Blue circles represent the fund observations, and the red x
represents the Agg itself. The y-axis is the % of the porfolio in corporate bonds, and the x-axis is
the portfolio duration.
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Figure 3. Difference between Fund Characteristics and Agg Characteristics: By Year
This figure reports the inter-quartile range of the deviation of fund characteristics from benchmark
characteristics for Agg-benchmarked funds for each year in the sample. Panel A and B measure
the deviation in corporate and treasury bond holdings, respectively. Panel C and D measure the
deviation in portfolio rating and duration, respectively.
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Panel A. Credit Risk Category
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Figure 4. Self Declared Benchmarks vs Corrected Benchmarks, Credit Risk and Term
This figure reports the credit risk category and the term bucket of a fund’s self-declared benchmark
and their corrected benchmark. In Panel A, the credit risk category of a fund’s self declared
benchmark is on the y axis, and the credit risk category of their corrected benchmark is on the x
axis. In Panel B, the term bucket of a fund’s self declared benchmark is on the y axis, and the
term bucket of their corrected benchmark is on the x axis.
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Figure 5. Principal Investment Strategy of Misbenchmarked Funds
This figure plots the coefficients and 90% confidence intervals from four regressions on the use of
high yield in funds’ PIS. In the Columns (1) and (2), the dependent variable in the regression is
a dummy variable that takes the value of 1 if high yield bonds are explicitly allowed in the PIS.
In columns (3) and (4) the dependent variable is a dummy variable that takes the value of 1 if
high yield bonds are legally allowed in the PIS. We include Lipper category fixed effects in all
regressions, and in columns (2) and (4) we add corrected benchmark fixed effects. Standard errors
are clustered at the fund level.
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Figure 6. Number of benchmark changes by year
This figure plots the number of benchmark changes identified among sample bond funds by year,
using benchmarks collected directly from funds’ summary prospectus. The height of the bars
includes all changes, while the height of the light gray bars includes only material changes, defined
as a fund changing either the investment sector or term of its benchmark. The height of the blue
bars is funds adding the Bloomberg U.S. Aggregate Index.
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Figure 7. Calculations of ∆BenchmarkRet: Material vs negligible changes
This figure plots the distribution of the change in returns when funds make a material benchmark
change (top row) or and negligible benchmark change (bottom row) a benchmark. Material bench-
mark changes are defined as those benchmark switches where the new benchmark has a different
risk categorization. A negligible switch is one where the there is the new benchmark has the same
risk categorization.*,**,*** represent significance at the 10%, 5%, and 1% level respectively
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Figure 8. Flows Around Benchmark Changes
This figure plots the average 12 month fund flows for funds that make a benchmark change. Flows
are adjusted based on the average flows to all funds in the same Lipper category. The solid grey
line is the average flows for all funds that switch. The dashed blue line is the average flows for
funds that change to a lower risk benchmark. The dashed red line is the average flows for funds
that change to a lower return benchmark. The dashed green line is the average flow for those funds
that make a meaningful change.
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Table I. Summary Statistics

This table presents the summary statistics for the active fixed income funds in our sample. Self-Declared Benchmark Adj Gross Return (%) is
the gross return of the fund, computed as the net return plus one-twelfth of the expense ratio, minus the return of the fund’s self-declared
benchmark. Lipper Return is the fund’s gross return in excess of the average return of funds in the same Lipper Category and date.

Mean Std. Dev. p10 p25 p50 p75 p90

Net Return 1m (%) 0.27 1.46 -1.33 -0.30 0.25 0.93 1.82
Gross Return 1m (%) 0.32 1.46 -1.27 -0.25 0.30 0.99 1.88
Self-Declared Benchmark Adj Gross Return 1m (%) 0.09 0.79 -0.52 -0.13 0.07 0.29 0.74
Self-Declared Benchmark Adj Gross Return 36m (%) 2.96 5.28 -1.83 0.29 2.10 4.87 9.51
Lipper Return - Self-Declared Benchmark Return 36m (%) 2.96 4.71 -1.30 0.48 2.40 4.72 8.77
Flow (%) 0.18 4.88 -3.31 -1.35 -0.13 1.27 3.89
Age (Years) 17.74 11.18 4.16 8.42 16.50 25.22 32.78
Assets ($M) 2470.21 8664.24 57.10 153.40 505.30 1677.70 5242.00
Expense (%) 0.65 0.31 0.25 0.46 0.64 0.83 1.03
Turnover (%) 0.37 0.86 0.00 0.00 0.00 0.37 1.15
Rating 5.58 3.74 1.15 2.93 4.51 7.57 12.08
Yield to Maturity 3.86 2.41 1.33 2.19 3.32 5.24 6.97
Duration 4.18 2.33 1.72 2.73 4.00 5.19 6.31
Coupon (%) 3.82 1.66 1.85 2.69 3.54 4.95 6.19
Time to Maturity 9.45 4.59 4.33 6.01 8.83 12.30 15.18
Option Adjusted Spread 152.18 144.95 21.50 52.94 100.02 203.27 378.49
% Corporate 46.42 30.41 2.72 23.61 43.27 71.10 92.42
% Treasury 17.47 22.53 0.00 0.37 9.66 24.61 45.40
% Securitized 16.59 18.33 0.00 0.03 11.14 28.56 41.56
% Equity 1.07 6.60 0.00 0.00 0.00 0.00 1.07
% Muni 0.97 6.16 0.00 0.00 0.00 0.30 1.24
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Table II. The Importance of Benchmark Adjusted Returns on Flows

This table examines the relationship between benchmark adjusted returns and fund flows. The
dependent variable in all specifications is the fund’s monthly flow, as defined in equation I.
Benchmark-adjusted return is the net return of the fund minus the self-declared benchmark over the
past 36 months. Fund unadjusted return is the net return of the fund over the previous 36 months.
Tracking error is the standard deviation of the residual from a regression of fund returns on benchmark
returns over the previous 36 months. We also control for the log of total net assets of the fund, log of
fund age, and expense ratio, all lagged by one month. Columns (1)-(5) are OLS regressions, and
Column (6) is a Fama-MacBeth regression with Newey-West standard errors lagged by 6 months. For
OLS models, we include either Lipper category-by-date and Morningstar star rating-by-date fixed
effects, date fixed effects, or fund and date fixed effects. For all OLS models, standard errors are
clustered by fund and date; *,**,*** represent significance at the 10%, 5%, and 1% level respectively.

Regression model OLS OLS OLS OLS OLS FMB
(1) (2) (3) (4) (5) (6)

Benchmark-adjusted return 6.352*** 7.470*** 4.994*** 8.349*** 7.681***
(0.915) (0.947) (1.058) (1.226) (0.890)

Fund unadjusted return 6.173*** 0.181 2.850** -0.513 1.454*
(1.136) (0.722) (1.303) (1.042) (0.825)

Tracking error 4.471 -1.311 -25.175** -0.563 -53.777** -16.220
(10.425) (10.994) (10.280) (11.053) (23.226) (12.291)

Observations 100,338 100,338 107,468 100,338 107,468 107,468
Adjusted R-squared 0.086 0.087 0.043 0.087 0.097 0.035
Lipper-by-Date FE YES YES NO YES NO NO
StarRating-by-Date FE YES YES NO YES NO NO
Date FE NO NO YES NO YES NO
Fund FE NO NO NO NO YES NO
Controls YES YES YES YES YES YES
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Table III. Flow-performance Relationship: Decomposing Returns

This table presents the results of monthly regressions of monthly flow on the lagged components of
benchmark-adjusted returns. Benchmark-adjusted returns are the 36-month sum of difference between
net monthly fund return, and of the monthly return of the fund’s self-declared benchmark. We then
decompose the excess return into two components. First, Fund return - Lipper return measures the
fund’s net returns in excess of the Lipper category average. Second, Lipper return - benchmark return is
the average net return of all funds in the same Lipper category and date in excess of the fund’s
self-selected benchmark return. We control for the fund’s turnover, log of total net assets of the fund,
log of fund age, and expense ratio, all lagged by one month. Columns (1)-(3) are OLS regressions, and
Column (4) is a Fama-MacBeth regression with Newey-West standard errors lagged by 6 months. For
OLS models, we include either Lipper category-by-date and Morningstar star rating-by-date fixed
effects, date fixed effects, or fund and date fixed effects. For all OLS models, standard errors are
clustered by fund and date; *,**,*** represent significance at the 10%, 5%, and 1% level respectively.

Regression model OLS OLS OLS FMB
(1) (2) (3) (4)

(1) Fund return - Lipper return 12.035*** 7.798*** 11.843*** 13.380***
(1.252) (1.175) (1.546) (2.202)

(2) Lipper return - benchmark return 4.642*** 5.051*** 4.909*** 5.182***
(0.951) (1.057) (1.277) (0.857)

Observations 107,468 100,338 107,468 107,468
Adjusted R-squared 0.045 0.087 0.099 0.036
Date FE YES NO YES NO
Lipper-by-Date FE NO YES NO NO
StarRating-by-Date FE NO YES NO NO
Fund FE NO NO YES NO
Controls YES YES YES YES
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Table IV. Evidence of Misbenchmarking

In this table we present the performance of funds compared to their self-delcared benchmarks and the universe of all benchmarks used within
our sample. Panel A presents statistics for funds whose correlation is highest with their self-declared benchmark. Panel B presents the
subsample of funds whose correlation is highest with a benchmark that is not their self-declared benchmark; the benchmark with the highest
correlation is the corrected benchmark. Panel C includes the funds in Panel B whose matched benchmark outperforms their self-delcared
benchmark and that have increasing levels of correlation improvement (at least 0.05, 0.10, 0.25, and 0.50).

Panel A: Properly benchmarked funds N Mean SD p10 p25 p50 p75 p90

Fund correlation with self-declared benchmark 322 0.96 0.04 0.91 0.95 0.97 0.98 0.99
Fund self-declared benchmark adjusted gross return 1m (bps) 322 5.28 8.16 -1.25 1.18 4.20 8.05 13.32
Fund self-declared benchmark adjusted net return 1m (bps) 322 0.16 8.37 -7.20 -3.90 -0.77 2.78 7.36

Panel B: Misbenchmarked funds N Mean SD p10 p25 p50 p75 p90

Fund correlation with self-declared benchmark (1) 727 0.77 0.22 0.45 0.67 0.85 0.94 0.97
Fund correlation with corrected benchmark (2) 727 0.92 0.06 0.82 0.88 0.94 0.97 0.98
Corrected benchmark correlation improvement (2)-(1) 727 0.14 0.18 0.00 0.01 0.06 0.21 0.41
Corrected benchmark minus self-declared benchmark return 727 10.15 13.53 0.08 2.59 5.90 15.67 31.89
Fund minus self-declared benchmark gross return 1m (bps) 727 10.09 12.28 -1.03 3.79 8.25 14.35 25.92
Fund minus corrected benchmark gross return 1m (bps) 727 -0.05 12.86 -12.88 -4.00 1.02 5.21 9.14
Fund minus self-declared benchmark net return 1m (bps) 727 4.68 11.94 -7.20 -1.10 3.29 9.17 19.00
Fund minus corrected benchmark net return 1m (bps) 727 -5.46 13.15 -19.03 -9.76 -3.70 0.12 4.09

≥ 0.05 ≥ 0.10 ≥ 0.25 ≥ 0.50

Panel C: Misbenchmarked funds by correlation improvement N Mean N Mean N Mean N Mean

Fund correlation with self-declared benchmark (1) 398 0.64 308 0.58 160 0.43 47 0.24
Fund correlation with corrected benchmark (2) 398 0.89 308 0.88 160 0.87 47 0.88
Corrected benchmark correlation improvement (2)-(1) 398 0.25 308 0.30 160 0.43 47 0.64
Corrected benchmark minus self-declared benchmark return 398 16.52 308 18.90 160 24.06 47 27.36
Fund minus self-declared benchmark gross return 1m (bps) 398 13.66 308 15.44 160 18.17 47 21.47
Fund minus corrected benchmark gross return 1m (bps) 398 -2.85 308 -3.46 160 -5.89 47 -5.89
Fund minus self-declared benchmark net return 1m (bps) 398 8.20 308 9.83 160 12.36 47 15.32
Fund minus corrected benchmark net return 1m (bps) 398 -8.32 308 -9.07 160 -11.70 47 -12.03
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Table V. Misbenchmarked Funds Characteristics

This table reports the results of monthly regression of fund characteristic deviations from self-declared and corrected benchmark
characteristics. Rating, Yield, and Duration are all value-weighted measures of the fund holdings. % Treasury and % Corporate are the
percentage of fund AUM held in treasuries and corporate bonds, respectively. In Panel A, the dependent variable is the funds signed
deviation from is self-declared benchmark for each of the above characteristics. If the self-declared benchmark is not within our sample of 20
benchmarks, we choose the closest matched benchmark within that sample (based on highest correlation between the self-declared benchmark
returns and the 20 benchmark returns). In Panel B, the dependent variable is the funds signed deviation from its corrected benchmark for
each of the above characteristics. We control for tracking error, expense ratio, fund turnover, log of total net assets of the fund, log of fund
age, and flow, all lagged by one month. We include Lipper category by credit risk category by date fixed effects. Standard errors are clustered
by fund and date; *,**,*** represent significance at the 10%, 5%, and 1% level respectively.

Panel A: Self Declared Benchmark Deviation

Rating Yield Duration % Corporate % Treasury
VARIABLES (1) (2) (3) (4) (5)

Misbenchmarked 3.070*** 0.994*** -0.628** 28.960*** -18.672***
(0.473) (0.203) (0.275) (3.794) (2.837)

Observations 71,336 66,718 67,710 73,169 73,169
Adjusted R-squared 0.480 0.250 0.227 0.415 0.490
Lipper-by-Credit Risk Category-by-Date FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes

Panel B: Corrected Benchmark Deviation

Rating Yield Duration % Corporate % Treasury
VARIABLES (1) (2) (3) (4) (5)

Misbenchmarked -0.546*** 0.136 0.025 -8.586*** 2.395**
(0.152) (0.100) (0.164) (2.025) (1.193)

Observations 71,336 66,718 67,710 70,788 70,788
Adjusted R-squared 0.642 0.182 0.166 0.729 0.675
Lipper-by-Credit Risk Category-by-Date FE YES YES YES YES YES
Controls YES YES YES YES YES
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Table VI. Misbenchmarked Funds and Gross Adjusted Performance

This table reports the results of monthly regression of gross self-declared benchmark adjusted returns on mismatched benchmark dummy and
proxies for reach for yield. The dependent variable in Columns (1) to (3) is the difference between gross monthly fund return, computed as
net returns plus one-twelfth of the expense ratio, minus the monthly return on the self-declared benchmark. The dependent variable in
Column (4) is the difference between gross monthly fund return minus the monthly return on the corrected benchmark. The dependent
variable in Column (5) is gross monthly fund return. Column (6) is an annual regression where the dependent variable is the fund expense
ratio. Misbenchmarked represents meaningfully misbenchmarked funds, and is an indicator variable equal to one if an alternative benchmark
improves gross return correlation by at least 0.10, and 0 otherwise. YTM is the value-weighted measure of the yield to maturity of the fund
holdings. We control for tracking error, expense ratio, fund turnover, log of total net assets of the fund, log of fund age, and flow, all lagged
by one month. We include either Lipper category by corrected benchmark by date, or Lipper category by self-declared benchmark by date
fixed effects. Standard errors are clustered by fund and date; *,**,*** represent significance at the 10%, 5%, and 1% level respectively.

Benchmark Adjusted Retuns

Self-Declared Bmrk Corrected Bmrk Gross fund return Expense

VARIABLES (1) (2) (3) (4) (5) (6)

Misbenchmarked 0.086** 0.059** 0.069** 0.019 -0.004 0.073**
(0.042) (0.025) (0.027) (0.015) (0.010) (0.024)

Misbenchmarked * YTM(m-1) -0.010** -0.007**
(0.005) (0.003)

YTM(m-1) 0.017*** 0.011**
(0.005) (0.004)

Observations 126,514 113,071 82,416 91,763 126,514 8,895
Adjusted R-squared 0.492 0.634 0.643 0.670 0.920 0.406
Lipper-by-Corrected Bmrk-by Date FE YES NO NO NO YES YES
Lipper-by-Self Declared Bmrk-by Date FE NO YES YES YES NO NO
Controls YES YES YES YES YES YES
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Table VII. Persistence of Benchmark Deviation

This table reports the results monthly regressions of fund characteristic deviation from the self-declared characteristic benchmark on 12
month lagged deviations. The dependent variable is the signed deviation of the funds portfolio from the benchmark for the following
characteristics: credit rating, yield to maturity, % in corporate bonds and % in Treasury securities. Misbenchmarked is an indicator variable
equal to one if an alternative benchmark improves gross return correlation by at least 0.10, and zero otherwise. Odd number columns include
funds where Misbenchmarked takes the value of 0, and even number columns include funds where Misbenchmarked takes the value of 1. We
control for tracking error, expense ratio, fund turnover, log of total net assets of the fund, log of fund age, and flow, all lagged by one month.
We include self-declared benchmark by date fixed effects. Standard errors are clustered by fund and date; *,**,*** represent significance at
the 10%, 5%, and 1% level respectively.

Rating Diff. Yield Diff. % Corporate Diff. % Treasury Diff.

Variables (1) (2) (3) (4) (5) (6) (7) (8)

Rating Diff. (t-12) 0.854*** 0.910***
(0.012) (0.019)

YTM Diff. (t-12) 0.652*** 0.701***
(0.039) (0.046)

% Corp Diff. (t-12) 0.857*** 0.912***
(0.012) (0.014)

% Treasury Diff. (t-12) 0.836*** 0.888***
(0.016) (0.032)

Observations 46,100 15,962 43,376 14,194 47,324 16,633 47,324 16,633
Adjusted R-squared 0.903 0.900 0.620 0.673 0.885 0.855 0.902 0.862
Self Declared Bmrk-by-Date FE YES YES YES YES YES YES YES YES
Controls YES YES YES YES YES YES YES YES
Misbenchmarked NO YES NO YES NO YES NO YES
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Table VIII. Benchmark Changes: Risk Category Transition Matrix

This transition matrix documents the old and new credit risk categories for funds making a benchmark
change between 2011 and 2022, inclusive. The columns are the risk categories of a fund’s benchmark in
the year before the benchmark change, while the rows are the risk categories of a fund’s new benchmark
following a change.

Post Switch Risk Category

Pre Switch Risk Category Risk-free Gov Agg Universal IGCorp HY/Equity

Risk-free 2 3 5 1 1 0
Gov 0 12 3 0 6 0
Agg 0 6 88 4 11 5
Universal 0 0 8 1 2 0
IGCorp 0 1 12 3 21 1
HY/Equity 0 0 10 5 1 69
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Table IX. Why Do Funds Change Benchmarks?

The table examines the likelihood of benchmark switches. Control funds are all funds that never change
their benchmark. Material takes the value of 1 for funds switching to a benchmark within a new credit
risk category. Negligible takes the value of 1 for funds switching to a benchmark within the same credit
risk category. Gross return 36m is the gross fund return, computed as net returns plus the expense
ratio, for the previous 36 months. Average flow 36m is the average monthly flow for the fund over the
previous 36 months. Columns (1) and (2) include the full sample of years (2011-2024). Columns (3) and
(4) exclude 2023 and 2024 to avoid any potential effects from the SEC rule change. We control for
tracking error, expense ratio, fund turnover, log of total net assets of the fund, log of fund age, and flow,
all lagged by one month. We include Lipper category by date fixed effects. Standard errors are clustered
by year; *,**,*** represent significance at the 10%, 5%, and 1% level respectively.

Material Negligible Material Negligible
switches switches switches switches

VARIABLES (1) (2) (3) (4)

Gross return 36m (%) 0.0353 0.000685 0.0566 -0.0212
(0.0476) (0.0239) (0.0738) (0.0222)

Average flow 36m -0.178** 0.0518 -0.229** 0.0792
(0.0787) (0.0788) (0.0932) (0.0997)

Observations 7,826 7,826 6,027 6,027
R-squared 0.028 0.047 0.033 0.046
Lipper-by-Date FE YES YES YES YES
Controls YES YES YES YES
Sample 2011-2024 2011-2024 2011-2022 2011-2022
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Table X. Benchmark Changes and Subsequent Fund Flows and Performance

The table examines the flow to funds that switch their benchmarks. Control funds are all funds that
never change their benchmark. Switch takes the value of 1 for the 24 month period after a change in
benchmarks, and 0 for the 36 to 12 months before the switch. Lower risk benchmark is an indicator
variable that takes the value of one for a switch that lowers the risk category of the benchmark. Lower
return benchmark is an indicator variable that takes the value of one for a switch that results in a
negative ∆BenchmarkRet. We control for tracking error, expense ratio, fund turnover, log of total net
assets of the fund, log of fund age, and flow, all lagged by one month. We include fund, Morningstar
star rating, and Lipper category by date fixed effects. Standard errors are clustered by fund and date;
*,**,*** represent significance at the 10%, 5%, and 1% level respectively.

Flow Flow Flow Flow
VARIABLES (1) (2) (3) (4)

Switch -0.053 -0.357 -0.707** -0.805**
(0.227) (0.276) (0.327) (0.351)

Switch * Lower risk benchmark 1.003** 1.222**
(0.432) (0.514)

Switch * Lower return benchmark 1.105** 0.908*
(0.428) (0.513)

Switch * Lower risk benchmark * Lower return benchmark -0.608
(0.744)

Observations 303,854 303,854 302,615 302,615
Adjusted R-squared 0.151 0.151 0.151 0.151
Fund FE YES YES YES YES
StarRating FE YES YES YES YES
Lipper-by-Date FE YES YES YES YES
Controls YES YES YES YES

55



Table XI. Effect of Institutional Investors and Passive Share on Flow Sensitivity to Benchmark-
Adjusted Returns

This table examines the effect of institutional investor presence and passive competition on the relationship
between flows and returns. The dependent variable in all specifications is the fund’s monthly flow, as defined in
equation I. Benchmark-adjusted return is the net return of the fund minus the self-declared benchmark over the
past 36 months. Fund unadjusted return is the net return of the fund over the previous 36 months. Institutional is
the percentage of a fund’s assets in institutional share classes, and Passive % is the previous month’s share of
assets under management in a fund’s Lipper category that are in passive funds. We control for tracking error,
expense ratio, fund turnover, log of total net assets of the fund, log of fund age, and flow, all lagged by one month.
We include either Lipper category-by-date and Morningstar star rating-by-date fixed effects, date fixed effects, or
fund and date fixed effects. Standard errors are clustered by fund and date; *,**,*** represent significance at the
10%, 5%, and 1% level respectively.

Panel A: Effect of Institutional Investors on Flow Determinants

(1) (2) (3) (4) (5)

Benchmark-adj. ret. 0.046*** 0.058*** 0.026* 0.067***
(0.012) (0.014) (0.013) (0.017)

Benchmark-adj. ret.*Institutional 0.033** 0.032* 0.043*** 0.028
(0.016) (0.018) (0.016) (0.022)

Fund unadj. return 0.071*** 0.013 0.042*** -0.001
(0.012) (0.009) (0.013) (0.013)

Fund unadj. return*Institutional -0.015* -0.020** -0.021** -0.007
(0.009) (0.009) (0.008) (0.010)

Institutional -0.001 -0.002** -0.000 -0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.002)

Adjusted R-squared 0.086 0.088 0.043 0.088 0.097

Panel B: Effect of Passive Share on Flow Determinants

(1) (2) (3) (4) (5)

Benchmark-adj. ret. 0.063*** 0.067*** 0.042*** 0.076***
(0.010) (0.010) (0.012) (0.013)

Benchmark-adj. ret.*Passive % 0.004 0.093** 0.078 0.067*
(0.038) (0.044) (0.048) (0.040)

Fund unadj. return 0.070*** 0.008 0.042*** 0.002
(0.013) (0.008) (0.014) (0.012)

Fund unadj. return*Passive % -0.063 -0.037** -0.113** -0.035*
(0.038) (0.017) (0.046) (0.018)

Passive % -0.019 -0.023 0.006*** -0.017 0.019***
(0.028) (0.028) (0.002) (0.028) (0.004)

Adjusted R-squared 0.086 0.087 0.044 0.088 0.098

Observations (both panels) 100,338 100,338 107,468 100,338 107,468
Lipper-by-Date FE (both panels) YES YES NO YES NO
Rating-by-Date FE (both panels) YES YES NO YES NO
Date FE (both panels) NO NO YES NO YES
Fund FE (both panels) NO NO NO NO YES
Controls (both panels) YES YES YES YES YES
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VI. Appendix

Appendix A. Benchmark indexes

Table A1. Universe of potential benchmarks

Index Name Sector Term
ICE BofA US 3M Trsy Bill TR USD Risk Free ST
Bloomberg US Govt 1-3 Yr TR USD Governemnt ST
Bloomberg US Government TR USD Governemnt All
Bloomberg US Govt Interm TR USD Governemnt Inter
Bloomberg US Government Long TR USD Governemnt LT
Bloomberg US Aggregate 1-3 Yr TR USD Agg ST
Bloomberg U.S Aggregate Bond TR USD Agg All
Bloomberg US Agg Interm TR USD Agg Inter
Bloomberg Global Aggregate TR USD Agg-Global All
Bloomberg US Universal TR USD Universal All
Bloomberg A Corporate TR USD IG Corp All
Bloomberg US Corp 1-3 Yr TR USD IG Corp ST
Bloomberg US Corp Bond TR USD IG Corp All
Bloomberg Intermediate Corporate TR USD IG Corp Inter
Bloomberg US Long Corporate TR USD IG Corp LT
Bloomberg Baa Corporate TR USD IG Corp All
ICE BofA BB US HY Constnd TR USD HY All
Bloomberg US High Yield Ba/B 1-5Y TR USD HY ST
Bloomberg US HY 2% Issuer Cap TR USD HY All
Bloomberg Global High Yield TR USD Global HY All
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Appendix B. Marketing materials from example active bond funds

JP Morgan Corporate Bond Fund: Prospectus
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JP Morgan Corporate Bond Fund: Fact sheet
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Delaware Strategic Income Fund: Prospectus
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