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Abstract 

We propose a cohort model that evaluates hedge funds against peer groups executing similar 

investment strategies formed using return correlations. Our method improves identification of 

skilled managers, as evidenced by a strong ability to explain hedge fund returns out-of-sample 

together with cohort alpha being more persistent than alpha based on the widely-accepted seven-

factor model. A hedge fund-of-funds analysis finds significant performance enhancement from 

exposure to the best funds within each cohort. The cohort approach can enhance the construction 

of hedge fund-of-funds portfolios by isolating strategy groupings as well as the best managers 

within each group. 
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We propose a ‘cohort model’ that uses return correlations to form peer groups of hedge funds 

which invest using similar strategies, and then identifies skilled managers by benchmarking funds 

against their peer group. Of course, the concept of analyzing peer-relative performance is nothing 

new. What we contribute here is to formalize how it can be implemented for hedge funds in 

practice, and document the relative effectiveness of the cohort model for identifying skilled 

managers with the groups formed.   

A cohort-based approach offers a range of benefits for hedge fund investors. By supporting 

better manager selection, it can improve return prospects within hedge fund-of-funds portfolios. 

Further, the process of forming peer cohorts yields insights into the various strategy groupings 

within the hedge fund universe, and which funds belong to those groupings – something of 

potential value to both investors and hedge funds themselves. The approach has the advantage of 

being straightforward to apply, with cohorts formed using simple return correlations and then 

cohort alpha being estimated by linear regression.  

The motivation for the cohort model relates to the nature of hedge funds, and the shortcomings 

of alternative methods for analyzing hedge fund performance and identifying skill. As Brown and 

Goetzmann (2003) observe: “The hedge fund universe encompasses a range of different strategies 

and approaches and specialties.” In addition, hedge funds provide limited information on their 

trading strategies compared to other fund types such as mutual funds, and often execute strategies 

with significantly different and potentially non-linear payoff structures. The wide variety of 

investment approaches creates a significant challenge for traditional factor and style models that 

have been the mainstay of performance analysis: it has long been recognized that these models are 

insufficient when applied to individual hedge funds (see Fung and Hsieh, 1997).  

The literature has aimed to improve hedge fund performance evaluation by introducing 
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additional factors, such as the models of Fung and Hsieh (2004) and Agarwal and Naik (2004). 

Nevertheless, the question remains as to whether factor models are suitable for the purpose of 

evaluating hedge fund performance. A key concern is omitted variables. Lehmann and Modest 

(1987) document the importance of factor choice when estimating fund alpha; and Bollen (2013) 

finds evidence of omitted variables when analyzing hedge funds even when including factors with 

option-like payoffs. Another approach has been to benchmark hedge fund returns against their 

sector (e.g. see Jagannathan, Malakhov and Novikov, 2010). This too can be problematic to the 

extent that sectors contain funds that might pursue a range of strategies and, by implication, 

differing factor exposures. Overall, existing performance evaluation methods have important 

shortcomings in establishing the extent to which hedge fund returns are attributable to the strategy 

and any underlying factor exposures, and hence isolate the return component related to manager 

skill in executing their strategy.   

The cohort model aims to ‘cut to the chase’ by first identifying groups of funds that use similar 

strategies, and then framing performance analysis around those groups. The basic intuition is that 

skill might be more readily identified by benchmarking against close peers. Peer groups are formed 

using cluster analysis based on correlations in reported returns. The performance of each fund is 

then evaluated relative to its cohort through regression analysis. This provides a mechanism for 

separating the component of returns related to manager-specific skill from the return generated by 

the strategy of the cohort, and by implication any factor exposures associated with the strategy. 

This approach provides the advantage that neither the strategies nor the factor set need to be 

explicitly specified. One limitation is that the cohort model does not reveal the strategies 

themselves or associated factor exposures; although the latter might be estimated for cohorts once 

formed.  Also, it does not in itself address the question of which strategies are preferred, which is 
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a further matter of concern for hedge fund investors (e.g. see Agarwal, Green and Ren, 2018). 

To summarize our empirical findings, the performance analysis starts by comparing cohort 

alpha and seven-factor alpha estimates under the model of Fung and Hsieh (2004). The key finding 

is that the cohort model leaves a smaller proportion of returns as fund-unique, as evidenced by the 

lower average alpha and smaller error terms. This is what would be expected if there existed 

omitted factor exposures with positive returns under the seven-factor model.  

We then examine the ability of the cohort model to predict out-of-sample hedge fund returns 

relative to the seven-factor model. Predicted returns under each model are formed by estimating 

alpha and betas over the prior 24-months, and then summing alpha plus the betas multiplied by 

realized cohort or factor returns during the evaluation period. The predicted returns are then 

compared to realized fund returns. These out-of-sample tests reveal that the cohort model explains 

a higher proportion of hedge fund returns than the seven-factor model during 99% of periods, and 

for over 90% of funds. Average 𝑅  indicates a substantial gain of 31%-36% in the ability to explain 

the adjusted returns of individual funds. This establishes that the cohort model does a better job 

than the seven-factor model in isolating the underlying drivers hedge fund returns. 

Next we examine performance persistence. If the cohort model does a better job of identifying 

genuine skill, then greater performance persistence should be observed. This is exactly what we 

find. Under the cohort model, hedge funds that outperform their cohort over the previous 24-month 

period continue to outperform for the following three years. In contrast, alpha persistence under 

the seven-factor model is both lower in magnitude and continues for less than one year, depending 

on the regression specification. These results provide further evidence that the cohort model can 

more accurately identify manager skill through separating out performance that is related to the 

fund’s strategy and associated factor exposures.  
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We also investigate the potential value of the cohort model for hedge fund investors by 

forming portfolios comprising the funds with the greatest cohort alpha from the 15 largest cohorts 

at the time of rebalancing. The result is a significant alpha gain ranging from 10-24 bps per month 

or about 1.2% to 2.9% per annum across various tests, with performance benchmarked against 

both the seven-factor model and non-selected funds from the same cohorts. This analysis indicates 

that using the cohort model to identify both groups of managers and the most skilled managers 

within each group can add substantial value to hedge fund-of-funds portfolios by increasing alpha 

while retaining exposure to a broad selection of strategies and factor exposures. 

Having established the credentials of the cohort model, we undertake further analysis. We 

establish that the cohort model remains superior to the seven-factor model when the funds not 

initially assigned are allocated to their closest cohort. We also confirm that our findings are robust 

to delisting bias, the cohort formation method, and under an eight-factor model combining both 

the cohort and seven-factor models.  

Our study builds on academic studies that have explored the idea of forming peer groups using 

cluster analysis1 to assist in performance analysis. Brown and Goetzmann (1997) propose a 

procedure for constructing fund peer groups using a sum-of-squares criterion. They apply their 

method in forming style groupings for mutual funds, and then do the equivalent for hedge funds 

in Brown and Goetzmann (2003). Ahn, Conrad and Dittmar (2009) form groupings that they call 

‘basis assets’ using a distance measure based on return correlations, applying their method to US 

stocks. Our method could be interpreted as applying the concepts raised by Ahn et al. (2009) to 

1 A few mutual fund studies also investigate benchmarking against peers in other ways. Cohen, Coval and Pastor 
(2005) identify skilled managers by comparing holdings and trades with the better performing funds. Hunter et al. 
(2014) define peer groups through matching returns to index benchmarks, and include variations from benchmark 
performance as an additional factor in evaluating mutual fund returns. Hoberg, Kumar and Prabhala (2018) form 
customized peer groups against which performance is evaluated using holdings-based style characteristic exposures.  
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hedge funds. Jackwerth and Slavutskaya (2018) analyze hedge fund returns by identifying fund-

specific peer groups comprising the 7-10 funds most closely matched on variance of return 

differences. All these studies operate under the assumption that there exists an underlying but 

unobserved factor model, and that the groups formed embed similar factor exposures. 

The cohort model is based on the same intuition and underlying model as these studies, with 

the key point of distinction being the method of forming groups.  Ahn et al. (2009) pre-specify the 

number of groups, creating 10 and 25 cluster portfolios. While the method of Brown and 

Goetzmann (1997) supports establishing the number of groups by reference to a log-likelihood 

test, they choose to examine five and eight groups. The approach of Jackwerth and Slavutskaya 

(2018) of constructing fund-specific peer groups comprising the 7-10 closest matches does not 

reveal styles, and may include funds that are not well-matched (or omit some that are). We impose 

no structure on the groupings, which are allowed to emerge naturally from the data conditional on 

a distance threshold based on correlation. We believe that this is a suitable approach for hedge 

funds, where there exists an unknown and potentially large number of strategy groupings that may 

comprise differing numbers of funds. For instance, our average number of cohorts of 161 sets up 

quite a contrast to Brown and Goetzmann (2003), who allow for up to eight groups. A further 

advantage of not imposing a structure is that strategy groupings and their membership is revealed; 

although admittedly these will depend on the correlation threshold. We also note that our use of 

return correlations as a measure of closeness followed by regression analysis to extract alpha 

allows for variation in factor loadings, which could arise from differences in leverage, for instance. 

An important caveat is that our results do not to imply that factor models like that of Fung and 

Hsieh (2004) are not useful. Factor models still provide an understanding of the common factor 

exposures contained within portfolios of hedge funds, while the cohort model does not reveal 
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underlying factor exposures. We suggest that both models may be employed in tandem. The cohort 

model can be used to identify strategy peer-groups and skilled managers within each group, while 

factor models may be used to understand common factor exposures within hedge fund portfolios.  

Issues with Factor Models in Hedge Fund Performance Evaluation 

A key advantage of the cohort model is that it avoids some of the issues in using factor models to 

evaluate hedge fund performance. This section discusses this issue in further depth. Factor models, 

such as the three-factor model of Fama and French (1993) and the four-factor model used by 

Carhart (1997), have been successfully applied to mutual funds. However, they have been found 

lacking in modeling hedge funds with their wide range of strategies involving various asset classes 

and often non-linear payoffs. For instance, Fung and Hsieh (1997) find that the traditional Sharpe 

(1992) style factor model explains more than 50% of returns for 92% of the mutual funds 

examined, but explains less than 25% of returns for 48% of the hedge funds.2 This has motivated 

the addition of new factors to support analysis of hedge fund returns, including controls for non-

linearity in fund performance. For example, Fung and Hsieh (2001) introduce lookback straddles 

that are suitable for analysis of trend-following funds. These were later included in the Fung and 

Hsieh (2004) seven-factor model, which has become the most commonly applied factor model for 

examining hedge fund performance.3 Another  approach is the Agarwal and Naik (2004) multi-

2 Agarwal and Naik (2000) extend Sharpe (1992) style analysis to hedge funds by easing the constraint that style 
exposures are long-only and must sum to one. They find that their eight style indices explain between 44% and 84% 
of return variance for eight hedge fund strategy indices. 
3 Since the seven-factor model was introduced in Fung and Hsieh (2004), it has been utilized in several studies, 
including: Aiken, Clifford and Ellis (2013); Bali, Brown and Demirtas (2013); Boyson (2008); Brandon and Wang 
(2013); Brown, Grundy, Lewis and Verwijmeren (2012); Buraschi, Kosowski and Trojani (2013); Fung, Hsieh, Naik 
and Ramadorai (2008); Jagannathan, Malakhov and Novikov (2010); Kosowski, Naik and Teo (2007); Nohel, Wang 
and Zheng (2010); Ramadorai (2013); Sadka (2010); Sun, Wang and Zheng (2012); Teo (2011); Titman and Tiu 
(2011); Yin (2016). 
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factor model, which controls for asset returns as well as returns on options on these assets. 

While factor models have been useful in describing returns for portfolios of hedge funds, 

studies have found that they may be insufficient for analyzing individual funds. Titman and Tiu 

(2011) find that the average 𝑅  is as low as 26% when the seven-factor model is applied to 

individual funds. Bollen (2013) documents that one third of hedge funds had a 𝑅  insignificantly 

different from zero, and further proposes that these zero-𝑅  funds are likely to be exposed to 

omitted risk factors. These findings are consistent with Fung and Hsieh’s (2004) proposition that 

the seven-factor model is more suitable for analysis of a diversified hedge fund-of-funds portfolio, 

rather than analysis of individual funds. 

The main responses in the literature to the omitted factors problem have been to either further 

expand the number of factors or the introduction of style benchmarks. However, these approaches 

create their own issues. Factor selection is difficult, and fraught with risks such as the possibility 

of model mis-specification or the generation of spurious results if irrelevant factors are introduced. 

Style benchmarks require pre-specifying hedge fund styles, which is problematic since the number 

of styles is unknown and may change over time. Unless styles are included that fit every fund, 

these models will also suffer from omitted variables.  

The cohort model takes a different direction that does not require the ‘right’ set of factors or 

styles to be specified to evaluate hedge fund performance and extract the component related to 

manager skill. It achieves this by relying on return correlations to identify peer groups of funds 

that are investing using similar strategies, and hence are likely to be exposed to common factors. 

This avoids the need to explicitly nominate factors or pre-specify the number of styles, and hence 

averts the omitted factor problem. Further, it does so in a way that does not bring exposure to errors 

that might arise from introducing irrelevant factors. 
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In the Appendix, we detail how the cohort model addresses the omitted variable problem, and 

thus can generate more reliable estimates of underlying or ‘true’ fund alpha than under an 

incomplete factor model. We establish how omitted factors can generate biased alpha estimates. 

We then show how the cohort benchmark reflects the return on a portfolio of factor exposures 

similar to the factor exposures of the fund itself. These cohort benchmark returns may capture not 

only the factors applied in traditional hedge fund factor models, but also other unobserved factors 

or exposures that are shared by funds within a cohort. While the cohort benchmark is only a proxy 

that itself may be measured with some error, it is likely to be more effective than applying an 

incomplete or inappropriate factor model. Our empirical tests confirm that this appears to be the 

case in comparison to the widely-used seven-factor model.      

Data 

Our hedge fund data is sourced from Hedge Fund Research (HFR) and eVestment (EV). These 

databases contain information on fund returns, assets under management (AUM), and meta-data 

such as fee structure and notice periods. Consistent with previous hedge fund literature, we only 

keep funds in the sample that report their returns and assets in U.S. dollars (USD), and also filter 

out funds not reporting their net returns. Following Yin (2016), we exclude very small funds by 

applying a filter of USD 10 million in AUM. We merge the databases by first removing fund 

duplicates appearing in each database, identified by a return correlation exceeding 0.95 and 

managed by the same firm.4 After removing all but one duplicate in each database, we merge the 

databases by firm names, then repeat the correlation analysis to remove duplicates across the two 

4 This step is necessary since funds often exist through different classes. 
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databases.5 Since alpha relative to cohort is being estimated, we apply a final filter requiring at 

least one other fund in the cohort at some time. This filter reduces the sample by 22% (4,469 

compared to 5,739). After applying these filters, the total number of funds included in the study is 

4,469, of which 43% are still active at the end of the sample period. While our tests focus on this 

sample of funds, we show later that the cohort model remains robust when initially non-matched 

funds are assigned to their closest available cohort. 

Our primary return measure is reported returns, which are net of fees. An issue with net returns 

is that they may be less revealing of manager skill, given that they are a composite of alpha 

generated from any skill and the price that investors pay for access to that skill (see Berk and van 

Binsbergen, 2015). Differences in fee arrangements might also disrupt the extent to which return 

correlations are revealing of common underlying strategies. To help establish that these issues are 

not impacting on our results, we convert net returns into a gross return proxy using the method of 

Agarwal, Daniel and Naik (2009) assuming quarterly flows and high watermark resets. The gross 

return estimates should be used with caution due to potential for measurement error.6  

Several studies have documented a backfill-bias in hedge fund databases caused by self-

reporting, given that funds decide if they report their returns or not. It is common for funds not to 

report returns immediately at inception, but subsequently backfill returns if performance is 

positive. Fung and Hsieh (2000) document that the average backfilled return is 1.4% higher than 

non-backfilled returns, and that the average backfill-period is 12 months per fund. To mitigate 

5 Since firm names often are reported with small differences across different databases, we allow for some contrast in 
the firm names when performing the matching. All the matches are then manually confirmed. 
6 The method of Agarwal et al. (2009) bases the hurdle for performance fees on LIBOR, and makes assumptions on 
the tracking of returns in estimating high watermarks. These assumptions create potential for error given the wide 
variety of performance fee hurdles coupled with incomplete disclosure of high watermark terms in our database.  
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against this bias, we exclude all observations prior to the date when the fund was added to the 

database. When this date is not available, we eliminate the first 24 months of reported returns.7 

Exhibit 1 presents the summary statistics for the funds included in the study. Comparing net 

and gross returns indicates that fees subtracted around 0.3% per month from investor returns on 

average. Performance fee, management fee, minimum investment, redemption frequency, 

redemption notice period, subscription frequency, and lock-up period are all in line with what has 

been observed in studies such as those by Sun et al. (2012) and Yin (2016).8 

[Insert Exhibit 1 here] 

Method 

Forming Cohorts. We form cohorts of funds using cluster analysis, by grouping funds with 

return correlations in excess of some threshold. The underlying assumption is that high correlations 

imply that funds are applying similar strategies entailing similar factor exposures. Using return 

correlation as similarity measure allows for differences in levels of aggressiveness that funds 

pursue the same strategy, and hence factor loadings. For instance, two funds may be similarly 

exposed to (say) the equity market factor, but their equity betas may differ due to the way that 

portfolios are constructed or leverage applied, resulting in one fund having a higher variance of 

returns. Correlation would identify these two funds as exposed to the same strategy, whereas 

measures such as beta or variance of the return difference may not.  

7 There are a few cases within the EV database in which the date the fund was added to the database is reported 
incorrectly. In these cases, we remove the first 24 months of reported returns. 
8 In cases when a fund has not reported one of these variables, we either replace the missing value with the median 
presented in Exhibit 1 or drop funds not reporting one of the variables, depending on the test. 
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Basing our measure of similarity on correlation, we apply a hierarchical agglomerative cluster 

analysis using the unweighted pair group method with arithmetic mean (UPGMA) linkage to form 

cohorts. The method constructs a dendrogram, joining funds together into clusters based on their 

similarity. Each fund is first treated as an individual cluster. The dendrogram is formed by 

constantly linking together the two clusters with the closest similarity into merged clusters. Figure 

1 provides an illustration of a dendrogram. Under the UPGMA algorithm, the distance between 

two clusters, A and B, is determined by Equation (1): 

𝑑 , =
1

|𝐴||𝐵|
𝑑 ,

∈∈

 (1) 

where 𝑑 ,  is the distance between fund i and j, and |𝐴| and |𝐵| are the cardinality, or number 

of funds, in A and B respectively.  

[Insert Figure 1 here] 

We formally define the distance between two funds as one minus the return correlation using 

Equation (2). Hence, two funds applying similar strategies will have a distance closer to zero, 

whereas funds using opposite strategies will have a distance closer to two. 

𝑑 , = 1 − 𝜌 ,  (2) 

where 𝜌 ,  is the Pearson correlation between fund i and j. We use 0.25 as the maximum 

distance, meaning that clusters will continue to be joined until the average correlation between the 

funds in cluster A and B is less than 0.75. The cluster analysis is undertaken in each quarter for all 

available funds with a minimum of 24 months of return history, with correlations estimated using 

an expanding window of historical returns. The expanding window approach helps to increase 

cluster stability and capture return correlations across full market cycles. We require at least one 
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fund in the universe of hedge funds with highly correlated returns to the fund of interest to form a 

cohort. Robustness tests based on exponentially-weighted correlations that weight towards more 

recent data, differing distance measures and a minimum cohort size of five funds establishes that 

the findings are robust to these choices.  

The advantage of hierarchical clustering is that there is no need to specify the final number of 

clusters. The process facilitates the identification of peer groups within the hedge fund universe, 

which has the added benefit of adding to the understanding of the variety of strategies being 

pursued and which funds are close competitors. Further, it is a relatively simple procedure. The 

only inputs are the distance matrix, and the maximum distance for sub-clusters to be assigned to 

the same merged cluster. This adds to the practical benefits offered by the cohort approach.   

Cohort Alpha. The first performance measure is based on benchmarking funds returns against 

the returns of other funds in its cohort, which we call ‘cohort alpha’. This method might be 

interpreted as correcting for unobserved factor exposures that are shared by the funds within the 

cohort, as detailed in the Appendix. The first step is to use Equation (3) to estimate the cohort 

benchmark return for fund i (𝜆 ) as the average return for the other funds in the cohort, thus 

avoiding any bias from including the fund’s own returns in the estimation of peer-adjusted return: 

𝜆 , =
∑ 𝑅 ,∈ \{ }

|𝐴| − 1
(3) 

where 𝜆  is the cohort benchmark return for fund i, 𝐴 is a set of j funds belonging to fund i’s 

cohort, |𝐴| is the number of funds in set A, and 𝑅 ,  is the return of fund j. 

Cohort alpha (𝛼 ) is estimated using Equation (4). This regression adjusts for variation in fund 

loadings on the underlying factors from that of its cohort peers. For instance, consider a fund that 
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is exposed to the same mix of (unobserved) factors as its cohort, but is leveraged to a greater extent. 

This situation would emerge as higher beta on the cohort benchmark, which is then adjusted for in 

estimating cohort alpha. Equation (4) is estimated through a time series regression of returns over 

the previous 24 months, and re-estimated each month based on the cohort as identified at time t. 

𝑟 = 𝛼 + 𝛽 𝜆 + 𝜖  (4) 

where 𝛽  is the estimate of the fund’s exposure to the cohort benchmark 𝜆, and 𝜆  is the 

estimated return of the benchmark. 

Seven-Factor Alpha. To enable the comparison between the cohort alpha and a more traditional 

measure of alpha, we also estimate the Fung and Hsieh (2004) seven-factor alpha (α ). The seven-

factor model includes the following factors: the equity market factor, represented by the S&P 500 

return; the size spread factor, represented by the difference between Russell 2000 return and S&P 

500 return; the bond market factor, represented by the change in 10-year constant maturity yield; 

the credit spread factor, represented by the change in the Moody’s Baa yield less 10-year treasury 

constant maturity yield; and the three trend-following factors introduced in Fung and Hsieh 

(2001).9 We re-estimate the seven-factor alpha of each fund each month under the time series 

regression described by Equation (5), using returns from the previous 24 months. 

𝑟 = 𝛼 + 𝛽 𝐺 , + 𝜖  (5) 

where 𝛽  is the fund’s exposure to factor j, and 𝐺 ,  is the return on factor j within the Fung 

and Hsieh (2004) seven-factor model. 

9 Available to download: http://faculty.fuqua.duke.edu/~dah7/DataLibrary/TF-FAC.xls. 
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Measures of Performance. To analyze performance persistence, we develop estimates of 

cohort-adjusted performance and factor-adjusted performance. The estimation draws on estimates 

of cohort and factor betas and returns formed using Equations (4) and (5). Hedge fund returns in 

the subsequent period are adjusted by returns to cohort and factor exposures to form peer-adjusted 

return (PAR)10 and factor-adjusted return (FAR) respectively, using Equations (6) and (7): 

𝑃𝐴𝑅 = 𝑟 − 𝛽 𝜆  (6) 

𝐹𝐴𝑅 = 𝑟 − 𝛽 , 𝐺 ,
(7) 

Overview of the Cohorts 

This section provides a sense for the potential value of identifying distinct strategy groupings 

within the hedge fund universe by describing the cohorts within our sample. Exhibit 2 presents 

summary statistics for all cohorts in Panel A, and for the 15 largest cohorts by number of funds in 

Panel B. The latter are used later in our hedge fund-of-funds analysis. 

The number of cohorts is time-varying, with a minimum of 18 cohorts, a maximum of 219 

cohorts, and a mean of 161. This indicates that the hedge fund universe tends to contain 

considerable diversity in terms of the breadth of strategies being applied. The number of groupings 

has also grown over time, with the number of cohorts rising from 28 averaged over the 12-months 

to June 1998 to around 300 by the end of our sample period (see Online Appendix, appears at end). 

In short, the hedge fund universe may be described as comprising a diverse and evolving set of 

10 We use the acronym PAR (peer-adjusted return) rather than cohort-adjusted return or CAR, to avoid confusion with 
the use of CAR to represent cumulative adjusted return in the finance literature. 
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strategies. This underlines the advantage of our cohort method relative to either assigning funds 

into pre-defined hedge fund sectors or imposing a structure on the groupings, suggesting that these 

approaches may be too inflexible for categorizing hedge funds into effective peer groups. 

Panel A of Exhibit 2 also reveals that the time-series average of funds that are assigned to 

cohorts comprise 56% by number and 63% of AUM over the entire sample. This indicates that a 

sizable number of fund pursue relatively unique strategies, although the times series mean is also 

reduced by a lower number of funds earlier in the sample period which decreases the probability 

of finding two funds with similar strategies.11 Further statistics on the average sample size and the 

cohorts for each year to June can be found in the Online Appendix. The statistics raise the question 

of whether the cohort model is sufficient for evaluating all funds. We hence run tests where all 

funds are assigned to their closest cohort and find that the cohort model remains robust as method 

of performance evaluation. 

The mean cohort size is 21.3 funds, with a median size of 4.8 funds. This indicates that a 

substantial proportion of the funds assigned to cohorts share that cohort with more than one other 

fund. Mean cohort AUM as percentage of total sample AUM averages 1.9% over the sample, with 

the average for the largest cohort at each point in time standing at 11.4% of the sample. Statistics 

for the 15 largest cohorts are reported in Panel B. These cohorts average 44.4 funds and 3.9% of 

AUM for the total sample. The 15 largest cohorts have on average represented 28.7% of the total 

universe in terms of AUM throughout the sample period. Overall, the cohort size statistics for the 

full sample and the 15 largest cohorts confirm that the hedge fund universe is highly diverse. 

[Insert Exhibit 2 here] 

11 Twenty-two percent of funds are not assigned to cohorts at some stage under the 0.25 distance measure. 
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Exhibit 3 reports exposures to the seven-factor model since 2004 for the 15 largest cohorts as 

identified at the end of the sample period. Factor exposures tend to vary substantially across the 

cohorts, confirming that the cohort model is successfully separating funds into groups pursuing 

different strategies. One implication is that constructing hedge fund-of-funds portfolios along 

cohort lines offers diversification benefits. The adjusted 𝑅  presented in Exhibit 3 indicates the 

degree to which cohort returns can be explained by the seven-factor model. The estimates differ 

substantially, ranging from 0.94 for cohort 2 and cohort 9, down to only 0.17 for cohort 4.12 These 

results suggest that the seven-factor model may be effective for evaluating funds in some cohorts 

but not others. This implies that the cohort model is likely to provide a more reliable method for 

performance evaluation across a broader range of funds, which is confirmed by the analysis 

reported below. Exhibit 3 also illustrates how the cohort model may be used in tandem with factor 

models, with the latter employed to identify the factor exposures within cohorts or for portfolios. 

[Insert Exhibit 3 here]

Analysis of Hedge Fund Returns 

Alpha Estimates and their Distribution. Exhibit 4 summarizes the estimates of seven-factor 

alpha and cohort alpha. Focusing on estimates for net returns reported in Panel A, the average 

monthly seven-factor alpha of 0.31% (3.78% per annum) is higher than the average monthly cohort 

alpha of 0.03% (0.36% per annum). Seven-factor alpha also has a higher standard deviation at 

0.96% per month (about 3.3% per annum), versus 0.59% (2.0% per annum) for cohort alpha. The 

same relation exists for the seven-factor-adjusted return (FAR) and the peer-adjusted return (PAR). 

12 For comparison, factor loadings for the 15 cohorts with the highest adjusted 𝑅  are provided in the Online Appendix. 
They reveal that only five cohorts have an 𝑅  in excess of 0.70, then dropping to 0.60 by cohort 13.  
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The key takeaway from Exhibit 4 is that the cohort model leaves a smaller proportion of returns 

as fund-unique, as compared to the seven-factor model. This is consistent with what would be 

expected if there existed omitted factor exposures with positive returns under the seven-factor 

model. The gross return estimates reported in Panel B reveal similar patterns.   

[Insert Exhibit 4 here] 

Out-of-Sample Prediction and Model Accuracy. One test of the relative accuracy of the 

cohort model versus the seven-factor model is the extent to which they explain or ‘predict’ returns. 

We assess model accuracy using an out-of-sample analysis with rolling origin, window and 

recalibration,13 thus avoiding potential biases caused by an arbitrarily selected origin. The model 

accuracy estimation is undertaken through the following process at each period t: 

1. Estimate 𝛼 and 𝛽s through an OLS regression for both the cohort model and the seven-

factor model, based on returns between 𝑡 − 25 and 𝑡 − 1;

2. Estimate predicted returns for period t, as the sum of 𝛼 and the product of 𝛽s estimated

under step 1 and observed benchmark cohort or factor returns at time t;

3. Compare the predicted return of each fund under the model to the actual fund return.

We evaluate model accuracy through both cross-sectional regressions of actual versus

predicted returns across all funds at each time t, and fund-by-fund time series regressions of actual 

returns versus predicted returns for funds with at least 24 months of return forecasts. Measures of 

model accuracy include 𝑅  and the absolute value of the slope minus one. 𝑅  reveals the 

percentage of return variation explained, while the difference of the slope from one measures 

13 This approach follows Tashman (2000). Swanson and White (1997) argue that a rolling window is preferable to an 
expanding window for multi-period model accuracy estimation. 
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forecast bias. A more accurate model should have a higher 𝑅  and a |slope|-1 that is closer to zero. 

We conduct analysis based on returns both net and gross of fees, but only report the net return 

results as the differences are quite minor.  

The cross-sectional regression results presented in Panel A of Exhibit 5 and Figure 2 indicate 

that the cohort model has higher accuracy than the seven-factor model. The average 𝑅  for the 

cohort model of 0.45 compares to 0.14 for the seven-factor model, which equates to an average 𝑅  

gain of 31% (0.45 vs. 0.14). The cohort model has higher 𝑅  in 99% of months. The regression 

slopes further confirm the higher accuracy of the cohort model. On average, the slope differs from 

the expected value of 1 by 0.22 for the cohort model, and 0.62 for the seven-factor model. The 

cohort model outperforms the seven-factor model on this measure in 92% of months. 

[Insert Exhibit 5 here] 

[Insert Figure 2 here] 

Results for the fund-by-fund time series regression analysis as presented in Panel B of Exhibit 

5 and Figure 3 are consistent with those from the cross-sectional correlation analysis. The average 

𝑅  of 0.61 for the cohort model compares with 0.25 for the seven-factor model, a gain in 

explanatory power of 36%. Furthermore, 𝑅  is higher under the cohort model compared to the 

seven-factor model for 90% of the funds. Analysis of the regression slopes confirms the higher 

accuracy of the cohort model. On average, the slope differs from the expected value of 1 by 0.17 

for the cohort model, versus 0.49 for the seven-factor model. 

[Insert Figure 3 here] 

These results reveal several important findings. The relatively low accuracy of the seven-

factor model indicates that it is unable to explain a substantial component of returns for individual 
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hedge funds. This is consistent with Titman and Tiu (2011) and Bollen (2013) who find low-to-

average in-sample 𝑅  when applying the seven-factor model to individual funds. Bollen (2013) 

suggests that the low 𝑅  is related to omitted variables. These results are also consistent with Fung 

and Hsieh’s (2004) conclusion that the seven-factor model is not suitable for an analysis of funds 

with niche strategies where returns cannot be explained by the seven factors included in the model. 

They argue that, whereas the seven-factor model is suitable to describe well-diversified portfolios 

of hedge funds, one should construct customized models for individual funds. Our findings not 

only support these arguments, but also suggest that the cohort model provides a superior method 

for creating custom benchmarks for individual funds. The increase in model accuracy under the 

cohort model relative to the seven-factor model indicates that it is helping to address any omitted 

variable bias. The increase in model accuracy is also greater than documented by Jagannathan, 

Malakhov and Novikov (2010) when hedge fund style returns are added to the specification. Their 

style model increases 𝑅  by around 19% as compared to the seven-factor model, whereas we 

document a relative increase of 31%-36%. This indicates that the Jagannathan, Malakhov and 

Novikov (2010) style model treats some of the omitted variable bias of the seven-factor model, 

but not as much as the cohort model. Furthermore, since the analysis is out-of-sample, the results 

show that cohorts formed using correlation of past returns are viable for predicting future returns. 

In sum, these results suggest that the cohort approach improves the ability to separate out the 

shared sources of hedge fund returns among similar managers, hence supporting more accurate 

identification of the component related to manager skill in implementing their strategy. 

Performance Persistence 

Estimation of hedge fund alpha is of particular interest to investors if it can be used to predict 
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future relative fund performance, preferably over long horizons. The results presented earlier 

suggest that fund-unique skill is better identified under the cohort approach because it removes 

more of the return associated with the particular strategy and related factor exposures. If such skill 

is genuine, it should persist. Examining performance persistence can thus help gauge whether the 

cohort model improves the ability to identify managers with genuine skill relative to peers 

implementing a similar strategy. 

We examine persistence by estimating alpha over the prior 24 months and relating this to 16 

distinct quarterly performance examination periods over the subsequent four years. The approach 

establishes the time horizon over which performance persistence remains significant. We contend 

that this is superior to analyzing cumulative fund performance as the holding period increases, 

which may hide the time frame over which any persistence runs out. For instance, some studies 

analyze persistence over a two-year period, but do not distinguish whether persistence is driven by 

high returns in the first few months or remains significant throughout the two years. Two-year 

persistence purely driven by the first quarter is, in fact, only persistence over a quarterly horizon. 

We use PAR and the FAR as measures of cohort alpha and seven-factor alpha respectively, 

generating quarterly alphas by accumulating the monthly estimates. We mean-adjust the alphas 

and the return estimates during each cross-section using Equation (8). This adjustment controls for 

both time effects and differences in the mean alphas between the cohort model and the seven-

factor model (see Exhibit 4), recalling that some of the ‘alpha’ under the seven-factor model may 

relate to omitted factors and hence may not be indicative of unique manager skill.  

𝑥 , = 𝑥 , − 𝑥  (8) 

where 𝑥 ,  is the mean-adjusted value, 𝑥 ,  is the variable to mean-adjust, and 𝑥  is the mean 
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of x at time t. Performance persistence is evaluated using three methods – panel regressions, Fama-

MacBeth regressions, and quartile portfolio analysis. We report estimates based on net returns for 

the panel and Fama-MacBeth regressions, and both gross and net returns for the quartile portfolio 

analysis. Results under differing cohort formation methods appear in the Online Appendix.   

Panel Regressions. For each examination period, we estimate a panel regression with either 

𝑃𝐴𝑅  or 𝐹𝐴𝑅  as the dependent variable, and either cohort alpha or seven-factor alpha as the 

independent variable. We also include control variables in the regression.14 Equation (9) and 

Equation (10) describe the regressions, with t+x being the examination period (x=[1, … ,16]).    

𝑃𝐴𝑅 , = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝛽 𝛼 ,
,

+ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 , + 𝜖 , (9) 

𝐹𝐴𝑅 , = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝛽 𝛼 ,
,

+ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 , + 𝜖 ,  (10) 

Results are presented in Figure 4. For seven-factor alphas, we find that persistence remains 

statistically significant for two quarters. Meanwhile, the cohort alphas are significant at a 1% level 

for 12 quarters (3 years); and are still significant at the 5% level in quarter 13 and at the 10% level 

in quarter 14. The magnitude of the slope coefficients and hence economic significance is also 

greater for the cohort model than the seven-factor model, even over short horizons. 

[Insert Figure 4 here] 

Fama-MacBeth Regressions. The approach of Fama and MacBeth (1973) is conducted by 

estimating cross-sectional regressions in each quarter, and then averaging the estimated 

14 The control variables are performance fee, management fee, natural logarithm of minimum investment, redemption 
frequency, redemption notice period, subscription frequency, lock-up period, natural logarithm of fund age, and the 

natural logarithm of fund size. 
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coefficients to generate one coefficient per independent variable. We estimate Fama-MacBeth 

regressions in the form of Equations (9) and (10), and present the results in Figure 5. Persistence 

in seven-factor alpha extends for two quarters, with the second quarter only significant at a 10% 

level. Cohort alpha again persists over much longer horizons, with statistical significance at a 1% 

level for 11 out of the 12 quarters after alpha estimation (and 5% level for quarter 11); and 

significance at a 10% level for the 13th quarter. The regression coefficients again reveal greater 

economic significance under the cohort model, including at short horizons. These results are 

consistent with those for the panel regressions. 

[Insert Figure 5 here] 

Quartile Analysis. As it is not possible to short-sell hedge funds, it has been argued that 

persistence for outperforming funds is more important than persistence for underperforming funds 

(Jagannathan, Malakhov and Novikov, 2010). We investigate by dividing the fund sample into 

four alpha quartiles. We then estimate equally-weighted performance, measured as either 𝑃𝐴𝑅  

or 𝐹𝐴𝑅 , within each quartile over the 16 quarters following initial alpha assessment. This 

indicates whether performance persistence is driven by poor performers, good performers, or both. 

Figure 6 presents the results, with returns net and gross of fees presented in Panel A and Panel 

B, respectively. Over shorter horizons, persistence exists for both previous outperformers and 

underperformers under both the seven-factor model and the cohort model. Again, persistence is 

not long-lasting for the seven-factor model. Even though the top two seven-factor alpha quartiles 

continue to provide higher average performance than the remaining funds for six quarters, the top 

quintile (bottom quintile) is only significant at a 5% level during the first quarter (two quarters). 

Hence it appears that persistence exists under the seven-factor model for both top and bottom 

performing funds, but is only barely significant for a short period. 
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Meanwhile, cohort alpha is persistent over a longer horizon for both outperforming and 

underperforming funds. Both top and bottom quartiles generate outperformance that is largely 

significant for 12 quarters, and a few quarters longer under some estimates. Persistence for the top 

and bottom quartiles is stronger and more significant when based on gross returns. This suggests 

that skill is better identified using gross returns than net returns, although the additional gains are 

moderate in magnitude. Although persistence tends to be stronger for underperforming funds, it is 

clear that cohort alpha is still useful to predict funds that will outperform over the next three years. 

The persistently poor performance of funds with low cohort alpha is also valuable information for 

fund investors, since it indicates which funds to avoid.      

[Insert Figure 6 here] 

In summary, our results indicate that the cohort model is better than the seven-factor model in 

isolating the unique component in fund performance not associated with the strategy and related 

factor exposures, which in turn translates into greater persistence in alpha in both magnitude and 

duration – consistent with more effective identification of skill. Further, the degree of performance 

persistence under the cohort model is generally greater than detected by previous studies. Whereas 

a majority of researchers identify some degree of persistence, the evidence on the duration of that 

persistence is mixed.15 Brown, Goetzmann and Ibbotson (1999) and Brown and Goetzmann (2003) 

find little evidence when testing for persistence over one-year. Agarwal and Naik (2004), Baquero, 

Horst and Verbeek (2005), Barès, Gibson and Gyger (2003) and Harri and Brorsen (2004) all find 

that past performance is informative of next quarter returns, but becomes inconsistent thereafter. 

Similar results have been found by Herzberg and Mozes (2003) and Barès et al. (2003). Another 

15 Eling (2009) provides a literature review of hedge fund persistence, and document that more than half of previous 
studies are unable to find persistence at a one-year horizon. 
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group of studies find performance persistence over horizons from one year up to two years (see 

Agarwal and Naik, 2000; Boyson, 2008; Edwards and Caglayan, 2001; Horst and Verbeek, 2007; 

Kosowski, Naik and Teo, 2007). Meanwhile, Jagannathan, Malakhov and Novikov (2010) 

conclude that funds outperforming over three years continue to outperform over the subsequent 

three years; although it is unclear if the persistence they find reflects ongoing outperformance over 

the full three-years versus accruing only over shorter periods. Our relatively strong results raise 

the possibility that persistence may have been understated in the prior literature due to the use of 

models that are less effective than the cohort model in identifying skill for hedge funds.      

Fund-of-Funds Portfolio Analysis 

We now demonstrate the value of cohort alpha for portfolio construction through simulating hedge 

fund-of-funds portfolios under realistic assumptions of data availability and manager rebalancing. 

As hedge funds commonly report their returns with a one- or two-month delay, we base manager 

selection on estimated cohort alpha over 24-months, lagged by one quarter. Our analysis applies 

both quarterly and annual rebalancing of portfolios. Returns are net of fees. The performance of 

the fund-of-funds portfolios is evaluated using the seven-factor model and against the performance 

of peer funds within the same cohorts that are not included in the portfolio (‘non-top funds’). 

Portfolios are formed by selecting funds from the 15 cohorts with the largest number of funds 

at each point in time: these represent the most common strategies and hence are likely to be of 

greatest relevance. Fifteen cohorts are chosen as the midpoint of what previous research indicates 

is needed to achieve sufficient diversification within a fund-of-funds portfolio, e.g. Brown, 

Gregoriou and Pascalau (2011) conclude that the optimal number lies in the range of 10-20 funds. 

We construct portfolios containing the top-two and top-four funds within each of the 15 largest 
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cohorts (top portfolios). Cohorts are equally weighted in the portfolios, and individual funds are 

equally weighted within each cohort. 

Results are reported in Exhibit 6. Columns 1 and 2 present the estimated coefficients for the 

Fung and Hsieh (2004) seven-factor model for the top-two and the associated non-top portfolio. 

Column 3 reports the results from regressing returns for the top portfolio on returns for non-top 

portfolio. Columns 4 through 6 report the equivalent results for the top-four funds. 

Under the seven-factor model, average factor betas are similar for the top and non-top 

portfolios, with most significant exposure being to the return on the S&P 500. 𝑅  is close to 0.70 

for each of the portfolios.16 The regression intercepts reveal meaningful differences in alpha 

between the top and non-top portfolios. Only the top portfolios have a positive and statistically 

significant seven-factor alpha, regardless of rebalancing frequency. The differences in seven-factor 

alpha between top and non-top portfolios ranges from about 10 bps per month (top-two, yearly 

rebalancing), and 22 bps per month (top-two, quarterly rebalancing). 

The regressions of top portfolios against non-top portfolios as reported in columns 3 and 6 

confirm that selecting the top funds within each cohort adds significant value. All intercepts are 

positive and statistically significant, ranging from 10 bps to 24 bps per month. These estimates are 

comparable to the differences in seven-factor alpha between the top and non-top portfolios. The 

𝑅  of the regressions are approximately 0.95, consistent with the portfolios investing in similar 

fund strategies containing similar factor exposures.   

For comparison, we form fund-of-funds portfolios comprising the top-30 and top-60 funds on 

seven-factor alpha, with performance evaluated against all other funds. Results are presented in 

16 Initially non-matched funds are allocated to cohorts with an average correlation of 0.57 during the second step. 
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the Online Appendix. The impact on performance is mixed across evaluation method and 

rebalancing periods. While meaningful improvement occurs for the top-30 portfolio with quarterly 

rebalancing (seven-factor alpha of 40.48 bps per month for the top portfolio versus 20.23 bps for 

other funds), other estimates indicate only modest improvement or deterioration in performance. 

In summary, selecting the top funds by cohort alpha significantly enhances performance – by 

around 1.2% to 2.9% per annum – when constructing portfolios from the 15 most common cohorts. 

By contrast, similar gains are not consistently available using a strategy that select funds based on 

seven-factor alpha. These findings confirm the potential value of using the cohort model to help 

construct fund-of-funds portfolios, through first providing the means to identify strategy 

groupings, and then assisting with selecting managers within those groups.  

[Insert Exhibit 6 here] 

Columns 1, 2, 4 and 5 of Exhibit 6 also provide insights concerning the factor exposures of 

portfolios formed using funds from 15 cohorts. The estimated betas mostly have the same signs as 

the exposures reported by Fung and Hsieh (2004) in their analysis of fund-of-funds and hedge fund 

indices. The main exception is exposure to the commodities trend-following factor for a subset of 

the portfolios. There is also high similarity in statistical significance. Hence, by investing in only 

15 cohorts, a fund investor can achieve returns similar to broader hedge fund indices, indicating 

that using the cohort model with 15 cohorts provides sufficient diversification. The high 𝑅 s imply 

that the seven-factor model does a reasonable job in explaining common return factors within fund-

of-funds portfolios, even though it may not be so effective in explaining returns for individual 

funds as discussed in Fung and Hsieh (2004). Purposeful selection and blending of strategies might 

be a further consideration for hedge fund-of-funds investors, which we do not address here. 
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Funds Without Close Peers 

One limitation of the cohort model as applied so far is that it does not allow for performance 

evaluation of funds not assigned to cohorts. Peers are unable to be identified for 22% of the hedge 

funds in our sample based on the 0.25 distance measure (i.e. correlation of 0.75). We address this 

shortcoming by introducing a variation on the clustering method to ensure that each fund is 

assigned to a cohort. In a first step, cohorts are generated using the 0.25 distance cut-off. In a 

second step, each fund assigned to a cohort during the first step is allocated to an existing cohort 

with which it has highest average correlation.17 We then re-estimate the performance persistence 

panel regressions for the sub-sample of funds assigned to a cohort during the second step, as well 

as across the complete sample.  

Figure 7 presents the result for funds without close peers, as assigned in the second step.18 The 

cohort model again shows higher predictive power compared to the seven-factor model. 

Furthermore, cohort alpha shows persistence throughout all four years, longer than the three years 

reported for funds assigned in the first step. However, the persistence in the seven-factor alpha is 

also stronger for the sample of funds assigned during the second step, and the alpha gap between 

the cohort model and seven-factor model has decreased. There are three potential explanations for 

the high persistence of the initially non-assigned funds. First, they may be more highly skilled. 

Second, as they are relatively unique, they may benefit from less direct competition from close 

peers. Third, as these funds are not assigned to cohorts with the same precision, benchmarking 

errors may creep in. In particular, it is possible that the persistence may reflect momentum in 

17 Initially non-matched funds are allocated to cohorts with an average correlation of 0.57 during the second step. 
18 The Online Appendix presents quartile analysis results for the initially unassigned funds, as well as the complete 
fund sample where these funds are allocated to the cohort with which they have the highest correlation.   
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omitted factors that are not fully captured by either the seven-factor model or the cohort model. 

[Insert Figure 7 here] 

Figure 8 reports the persistence panel regression results for the complete sample, including 

funds assigned to cohorts during both the first and second steps. Consistent with the previous 

results, the cohort model is more informative of future returns compared to the seven-factor model, 

and cohort alpha persists with high significance throughout the four examined years. 

[Insert Figure 8 here] 

The results presented in this section suggest that the cohort model can be applied across the 

full sample of funds, while still remaining more effective at identifying manager skill than the 

seven-factor model. Importantly, the cohort model appears superior for evaluating skill for funds 

that are initially not matched to any peers. This suggests that the cohort model can be universally 

applied by first identifying a menu of cohorts using a specified maximum distance, then evaluating 

any non-matched funds using their closest available cohort as a benchmark. 

Robustness Tests 

We test the robustness of our results to delisting bias, the cut-offs used for cohort identification, 

the correlation estimation method, and performance under an eight-factor model. We summarize 

the findings here, and report the results in the Online Appendix. 

Probability of Delisting. Agarwal, Daniel and Naik (2011) document that funds underperform 

after they delist from databases; while Horst and Verbeek (2007) find that hedge funds with poor 

past performance are more likely to delist and that performance persistence increases after 

controlling for delisting bias. To investigate whether the persistence we observe might be driven 
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by delisting bias, we analyze the relation between alpha and probability of delisting through a logit 

regression where a delisting dummy variable is regressed on fund alpha and the usual controls. 

The results reveal a significant negative relation between the probability of delisting and both 

seven-factor alpha and cohort alpha, suggesting that the strong persistence in cohort alpha is 

unlikely to be driven by delisting bias. Instead, given that poor performing funds tend to delist (see 

Horst and Verbeek, 2007), the results imply that the positive relation between alpha and future 

performance may be understated. Cohort alpha appears to have a stronger effect on the probability 

of delisting, with a coefficient of -0.525 as compared to -0.340 on seven-factor alpha. This 

indicates that funds that underperform their cohort are more likely to delist than funds that 

underperform relative to the full hedge fund sample in terms of seven-factor-adjusted performance. 

Alternative Cohort Formation Cut-Offs. We conduct a range of tests to confirm that the 

persistence in cohort alpha is not being impacted by the cohort formation method. First, we test 

sensitivity to raising the threshold for the minimum number of funds per cohort from two to five. 

Second, we test alternative maximum distances for assignment to clusters of 0.20 (correlation of 

0.80) and 0.30 (0.70), relative to the baseline of 0.25 (0.75). Findings under all these tests are 

consistent with the main results. Third, we widen the definition of a cohort by applying a 0.40 

(correlation of 0.60) coupled with a requirement for a minimum five funds per cohort. This results 

in average of 28 cohorts versus the 161 cohorts under our main analysis. Again, the findings are 

similar, although with persistence modestly weaker under this wider definition.19   

Correlation Estimation. The correlations used in cohort formation are based on calculations 

that give the same weight to all returns over the estimation period, and draws on an expanding 

19 We also allocate all initially un-assigned funds to the cohort with which they have the highest correlation. This 
results in moderately stronger persistence, which could be due to either skill or persistence in omitted factor exposures. 
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window of all historical data available at each estimation point. This approach assumes that cohorts 

are more effectively identified using a longer data history, with cluster stability increased by 

capturing return correlations across market cycles. The alternative is to base correlations and hence 

cohort formation on more recent data on the basis it could be more descriptive of what can be 

expected going forward, as argued by Pozzi, Di Matteo and Aste (2012). More recent data might 

be more appropriate if there is instability in the strategy groupings or underlying factor exposures. 

For instance, Patton and Ramadorai (2013) find evidence of variation in hedge fund exposures, 

although this variation is largely related to changes in portfolio holdings rather than asset betas.  

To investigate the possibility that strategy groupings might be more effectively identified by 

weighting towards more recent data, we form cohorts using exponentially weighted correlations 

with a half-life of two years. This analysis generates a similar ability to predict fund returns out-

of-sample, but a tendency towards a lower level of persistence in cohort alpha than observed under 

the analysis based on the expanding window. These findings imply that the strategy groupings are 

relatively stable over time and are better identified using the expanding window.  

Eight-Factor Model. One possibility is that persistence under the cohort model might be driven 

by exposure to factors that are not shared by all funds within the cohort. This might leave scope 

for some cohort members to generate persistent outperformance from exposure to other factors 

that are not commonly shared by the group. To account for this possibility, we combine the cohort 

and seven-factor models into an eight-factor model.20 The results indicate that persistence remains 

high throughout the four years examined, with the first 13 quarters significant at a 1% level and 

both alpha and 𝑅  very similar to those estimated using the cohort model in isolation. This suggests 

20 Refer to Online Appendix for further details on the model. 
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that the addition of the seven-factors contributes little additional explanatory power in the presence 

of the cohort return benchmark. This further confirms that the cohort model is providing insights 

into manager skill that are not captured by the seven-factor model. 

Conclusions 

We introduce a cohort model that improves on the seven-factor model in explaining hedge fund 

returns and identifying managers where performance persists, and can aid the construction of 

hedge fund-of-funds portfolios. Traditional factor models are useful tools when analyzing the 

performance of hedge fund indices or fund-of-funds. However, they are less useful for analyzing 

individual hedge funds that may apply strategies with return patterns that often cannot be readily 

explained with pre-defined factors, as they may suffer from the omitted variables problem. The 

fact that hedge funds apply a wide range of strategies about which there is often limited information 

further increases the difficulty of creating custom benchmarks. The cohort model addresses such 

issues, while providing insight into the strategy or style groupings within the hedge fund universe. 

Instead of nominating factors, it assigns funds to cohorts based on return correlations, and uses the 

return of these peer groups to benchmark performance. Evaluating fund performance relative to 

cohort return supports better identification of skill by being more effective at separating out the 

return component related to the strategy itself and any associated factor exposures. 

Our empirical analysis provides strong evidence that the cohort model is an effective approach 

for benchmarking individual hedge funds and identifying skilled managers that might be 

considered within each strategy group that is formed. A comparison of realized fund returns versus 

predicted fund returns reveals that the cohort model explains a substantially higher proportion of 

individual hedge fund returns out-of-sample than does the seven-factor model. We document 
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higher persistence in cohort-adjusted compared to seven-factor-adjusted performance, consistent 

with the cohort model being better able to identify hedge fund skill. These findings suggest that 

the cohort model offers an important tool for analysis of hedge fund performance.  

We also show how the cohort model can enhance the construction of hedge fund-of-funds 

portfolios. Our fund-of-funds analysis finds that selecting the top-two or top-four funds with the 

greatest cohort alpha from each of the 15 largest cohorts results in a significant improvement in 

portfolio performance. We also indicate how using cluster analysis to separate funds into cohorts 

can reveal strategy groupings within the hedge fund universe. This information can help manage 

the strategy exposures within fund-of-funds portfolios, thereby ensuring the portfolio remains 

adequately diversified. Awareness of strategy groupings can then be combined with the knowledge 

that cohort-adjusted performance is highly persistent to improve hedge fund selection and portfolio 

construction. These features suggest that the cohort model is potentially of considerable value to 

hedge fund investors. 
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Appendix: Alpha Estimation with Omitted Variables 

The issues with using factor models to evaluate hedge fund performance were discussed in the 

main body of this paper, which noted the problem of omitted variables given the wide range of 

strategies and associated factors evident among hedge funds. This Appendix sets out how the 

cohort model can generate more reliable estimate of underlying or ‘true’ fund alpha (𝛼) by 

addressing the omitted variable problem. Equation (A1) describes fund returns as a combination 

of 𝛼 and returns to factor exposure. These factors can have any payoff structure, i.e. they can be 

linear or non-linear. 

𝑟 = 𝛼 + 𝛽 𝐹 , + 𝜖  (A1) 

where 𝑟  is the fund return net of fees, 𝛽  is the fund’s exposure to factor k and 𝐹 ,  is the 

return on factor k. Assume that the factors (F) are uncorrelated and can be divided into two subsets 

of L known and M unknown factors. Equation (A1) can then be rewritten as: 

𝑟 = 𝛼 + 𝛽 𝑋 , + 𝛽 𝑍 , + 𝜖  (A2) 

where 𝛽  is the fund’s exposure to known factor l, 𝑋 ,  is the return on known factor l, 𝛽  is 

the fund’s exposure to unknown factor m, and 𝑍 ,  is the return on unknown factor m. As the 

unknown factors (Z) are unobserved, estimated alpha will be based only on returns adjusted for X: 

𝑟 = 𝛼 + 𝛽 𝑋 , + 𝜖  (A3) 

Since the unknown factors (Z) are uncorrelated to the known factors (X), 𝛽  will be correctly 
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estimated. However, the alpha and the error term will both have misspecification errors. These 

errors are described by Equations (A4) and (A5) respectively: 

𝛼 = 𝛼 + 𝛽 𝑍  (A4) 

𝜖 = 𝜖 + 𝛽 (𝑍 , − 𝑍 ) (A5) 

where 𝑍  is the mean return on unknown factor m. If a fund has positive exposure to omitted 

factors that on average yield a positive return, then the alpha will be overestimated compared to 

the true alpha (𝛼 > 𝛼). Similarly, negative exposure to factors with positive average returns will 

result in underestimation of alpha (𝛼 < 𝛼). Misspecification may thus have a significant impact 

on estimated alpha, depending on the average returns and exposures to the omitted factors. 

The cohort method provides a way of controlling for omitted factors when evaluating hedge 

fund performance. The first step is to introduce a benchmark portfolio (𝜆) that invests in F factors. 

Assume that a fund has exposure to the benchmark equal to 𝛽 , and that the benchmark’s weight 

in each factor is described by Equation (A6): 

𝑤 = 𝛽 /𝛽  (A6) 

The return of the benchmark portfolio (𝜆) can be described by Equation (A7): 

𝜆 = 𝑤 𝐹 ,

=
𝛽

𝛽
× 𝐹 , (A7) 
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Given this, Equation (A1) can be rewritten from a multi-factor model that includes all factors 

to which the fund is exposed, to a model including only the benchmark portfolio: 

𝑟 = 𝛼 + 𝛽 𝐹 , + 𝜖

= 𝛼 + 𝛽
𝛽

𝛽
× 𝐹 , + 𝜖

= 𝛼 + 𝛽 𝜆 + 𝜖 (A8) 

where 𝛽  is the fund’s exposure to benchmark 𝜆, and 𝜆  is the return on benchmark 𝜆. 

As long as it is possible to observe the benchmark 𝜆, we can form an unbiased estimate of 𝛼 

through Equation (A8). This is based on the assumption that the benchmark is exposed to the same 

factors as the fund. To form a proxy for 𝜆, we construct benchmarks from within the universe of 

hedge funds. The cohort benchmark construction relies on two assumptions. First, as argued by 

Fung and Hsieh (1997), if two funds apply similar strategies then their returns will be highly 

correlated. Second, two funds that apply similar investment strategies should share similar factor 

exposures. To the extent that these assumptions do not hold, the cohort benchmark may be 

measured with error. Nevertheless, it should provide a better benchmark for identifying alpha than 

a factor model that contains omitted variables associated with non-zero returns, as depicted by 

Equations (A4) and (A5).      
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Exhibit 1. Summary Statistics for Hedge Fund Data 

Exhibit 1 provides summary statistics for the hedge fund data over the period January 1997 to June 2016. 

Mean 
25th 

Percentile 
Median 

75th 
Percentile 

Standard 
Deviation 

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

Monthly return, net of fees (%) 0.33 -1.1 0.48 1.91 4.21 

Monthly return, gross of fees (%) 0.63 -1.1 0.54 2.23 5.07 

Performance fee (%) 16.76 15 20 20 6.81 

Management fee (%) 1.46 1 1.5 2 0.56 

Minimum Investment (USD mn) 1.29 0.25 1 1 3.26 

Redemption frequency (days) 64.9 30 30 90 73.17 

Redemption notice period (days) 30.86 1 30 45 33.24 

Subscription frequency (days) 29.01 30 30 30 24.02 

Lock-up period (months) 3.84 0 0 12 6.77 
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Exhibit 2. Summary Statistics for Cohorts 

Exhibit 2 provides summary statistics for the cohorts. Panel A summarizes the full sample of cohorts. Panel 
B summarizes the sub-sample of the 15 largest cohorts in terms of number of funds at each given time. 
Number of cohorts is the number of unique cohorts. Funds in cohorts as % total funds is the percentage of 
funds that are allocated to cohorts. Total AUM in cohorts as % total AUM is the aggregate percentage of 
assets under management (AUM) for funds allocated to cohorts. Total funds is the total number of funds in 
the sample. Total AUM is the sum of the AUM across the funds in the sample. Funds per cohort is the 
number of funds in a cohort. Cohort AUM as % of total AUM is the percentage of the total AUM allocated 
to a cohort. Number of cohorts, funds in cohorts as % total funds, total AUM in cohorts as % total AUM, 
total funds and total AUM summarize the time series of respective variable. The summary statistics for 
funds per cohort and cohort AUM are calculated by estimating the statistics at each point in time, and 
represents the mean of the time series of each statistic. 

Mean Min. 
25th 

Percentile 
Median 

75th 
Percentile 

Max. 

Panel A: Full sample 

Number of cohorts 161 18 85 169 219 315 

Funds in cohorts as % total funds 56.08 30.06 51.56 55.53 62.66 67.92 

Total AUM in cohorts as % total AUM 62.57 49.12 59.49 62.88 65.53 74.9 

Total funds 1119 153 492 1207 1611 2139 

Total AUM (USD bn) 454 29 82 362 654 1339 

Average funds per cohort 21.3 2 2.24 4.77 30.75 83.89 

Cohort AUM as % of total AUM 1.93 0.02 0.14 0.49 2.06 11.41 

Panel B: 15 largest cohorts 

Total AUM in cohorts as % total AUM 28.66 14.32 22.42 27.83 33.93 63.47 

Funds per cohort 44.38 6.83 14.92 41.61 81.38 83.89 

Cohort AUM as % of total AUM 3.89 0.22 1.08 2.26 7.76 9.57 
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Exhibit 3. Cohort Factor Exposures 

Exhibit 3 presents factor loadings for the seven-factor model within each of the 15 largest cohorts by number of funds as at June 2016. Cohorts are sorted from the 
largest to smallest from left to right. Regression estimates are based on monthly returns net of fees over the period January 2004 to June 2016. Intercepts represent 
percentage per month. S&P is the return of the S&P 500. SC-LC is the return of Russell 2000 minus the return of S&P 500. 10Yr is the change in 10-year constant 
maturity yield. CredSpr is the change in the Moody’s Baa yield less 10-year treasury constant maturity yield. BdOpt, FxOpt and ComOpt are the three trend-following 
factors introduced in Fung and Hsieh (2001). 

Cohort (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 

Intercept  0.002** 0.001 0.001 0.005** 0.003*** 0.006* 0.005*** 0.005*** 0.002** -0.003 0.005*** 0.004** 0.005 0.005*** 0.004** 
2.14 0.74 0.66 2.00 3.08 1.68 5.84 4.72 2.07 (0.71) 3.89 2.38 1.39 4.67 2.04 

S&P 0.235*** 0.746*** 0.598*** 0.218*** 0.137*** 0.669*** 0.117*** 0.157*** 0.67*** 0.55*** 0.153*** 0.316*** 0.301*** 0.058 0.427*** 

8.21 30.88 9.33 2.92 5.33 6.01 4.45 5.11 29.19 4.08 3.91 6.23 2.93 1.65 6.73 

SC-LC 0.029 0.17*** -0.008 -0.041 -0.008 -0.046 0.022 0.013 0.502*** -0.069 -0.021 0.13* 0.031 -0.010 0.364***

0.72 5.04 (0.09) (0.39) (0.21) (0.29) 0.59 0.31 15.66 (0.37) (0.38) 1.83 0.22 (0.21) 4.10 

10Yr 0.004 0.000 -0.025** -0.023** 0.002 -0.020 0.000 0.003 0.013*** -0.009 -0.003 0.001 0.016 -0.012** -0.012

0.88 (0.02) (2.54) (2.06) 0.58 (1.18) (0.09) 0.59 3.71 (0.43) (0.55) 0.18 1.06 (2.22) (1.22) 

CredSpr  -0.021*** -0.024*** -0.061*** 0.011 -0.029*** -0.082*** -0.03*** -0.035*** -0.002 -0.062*** -0.071*** -0.005 -0.061*** -0.064*** -0.014

(4.23) (5.70) (5.56) 0.89 (6.67) (4.28) (6.71) (6.66) (0.42) (2.70) (10.54) (0.63) (3.47) (10.57) (1.30) 

BdOpt -0.010 -0.014** -0.03* 0.025 -0.012* -0.031 -0.019*** -0.019** -0.005 -0.030 -0.022** -0.020 -0.067** -0.009 -0.009

(1.34) (2.15) (1.74) 1.23 (1.80) (1.05) (2.67) (2.30) (0.86) (0.83) (2.06) (1.47) (2.42) (0.90) (0.55) 

FxOpt 0.008 0.012** 0.033** 0.042*** 0.006 0.043* 0.005 0.008 0.006 -0.005 0.009 -0.006 0.021 0.001 -0.007

1.41 2.41 2.60 2.84 1.21 1.95 0.98 1.32 1.41 (0.17) 1.12 (0.60) 1.01 0.14 (0.55) 

ComOpt -0.006 -0.005 -0.012 0.020 -0.007 -0.028 -0.013** -0.011 -0.009** 0.084*** -0.018** 0.004 -0.012 -0.019** 0.019 

(0.94) (0.90) (0.87) 1.22 (1.27) (1.13) (2.14) (1.63) (1.85) 2.80 (2.09) 0.39 (0.50) (2.46) 1.32 

# of obs. 150 150 150 150 150 150 150 150 150 150 150 150 150 150 150 

Adj. R2 0.62 0.94 0.64 0.17 0.60 0.45 0.60 0.61 0.94 0.27 0.69 0.41 0.36 0.61 0.48 

t statistics reported below the coefficients. ∗ p<0.10, ∗∗ p<0.05, ∗∗∗ p<0.01. 
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Exhibit 4. Summary of Alpha and Performance Estimates 

Exhibit 4 summarizes the alpha and adjusted performance estimates, reported as percentage per month. 
Panel A is based on returns net of fees. Panel B is based on returns gross of fees, estimated following the 
method of Naik et a. (2009) assuming quarterly flows and high watermark resets. Seven-factor alpha is 
estimated under the Fung and Hsieh (2004) seven-factor model using Equation (5). Cohort alpha is 
estimated by regressing fund returns on the average return of the other funds in the cohort using Equation 
(4). Factor-adjusted return (FAR) is estimated under the Fung and Hsieh (2004) seven-factor model using 
Equation (7). Peer-adjusted returns (PAR) is estimated under the cohort model using Equation (6). 
Regressions for estimating alpha, FAR and PAR are run on data over the prior 24-months. The significance 
of the means is estimated based on the pooled fund/month sample, with *, ** and *** representing the 
lower limit of p < 0.1, p < 0.05 and p < 0.01, respectively. 

% per month Mean 
25th 

Percentile 
Median 

75th 
Percentile 

Standard 
Deviation 

Panel A: Net of fees 

Seven-factor alpha 0.31*** −0.13 0.28 0.74 0.96 

Cohort alpha 0.03*** −0.20 0.04 0.31 0.59 

Factor adjusted return (FAR) 0.07*** −1.34 0.19 1.54 3.93 

Peer adjusted return (PAR) 0.00 −0.81 0.02 0.86 2.50 

Panel A: Gross of fees 

Seven-factor alpha 0.59*** 0.02 0.46 1.02 1.12 
Cohort alpha 0.06*** -0.22 0.05 0.36 0.67 
Factor adjusted return (FAR) 0.34*** -1.30 0.3 1.87 4.35 
Peer adjusted return (PAR) 0.03*** -0.90 0.02 0.94 2.78 

This is an Accepted Manuscript version of the following article: Forsberg, D., Gallagher, D. R., & Warren, G. J. (2021). Identifying Hedge Fund 
Skill by Using Peer Cohorts. Financial Analysts Journal, 77(2), 97-123. https://doi.org/10.1080/0015198X.2021.1875716 

It is deposited under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License (CC BY-NC-ND).



Page 47

Exhibit 5. Model Accuracy 

Exhibit 5 provides statistics for the evaluation of model accuracy arising from regressing actual returns net 
of fees on model-predicted returns. Panel A summarizes results based on cross-sectional regressions across 
all funds. Panel B summarizes results for fund-by-fund time series regressions. The model-predicted fund 
returns are estimated in two steps. First, α and β estimates are formed under the cohort model or seven-
factor model based on the previous 24 months of data from time t-24 to time t-1. Second, the model-
predicted return at time t is calculated as the sum of the α estimates plus the product of the β estimates and 
returns on the observed benchmarks, i.e. factor or cohort return. In Panel B, only funds with at least two 
years of predicted returns are included. In Columns 1 and 2, we present statistics for the regression R2s. In 
Columns 3 and 4, we present statistics for the deviation of the regression slopes from 1. The highest 
accuracy statistic represents the proportion of observations in which the respective model has the highest 
accuracy. 

R2 statistics |1 − slope| statistics 

Seven-factor 
model 

Cohort 
model 

Seven-factor 
model 

Cohort 
model 

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

Panel A: Cross-sectional regressions 

Mean 0.14 0.45 0.62 0.22 

Standard deviation 0.13 0.16 0.28 0.15 

25th percentile 0.02 0.35 0.44 0.12 

Median 0.11 0.47 0.61 0.19 

75th percentile 0.20 0.56 0.82 0.29 

Highest accuracy 0.01 0.99 0.08 0.92 

Number of observations 234 234 234 234 

Panel B: Fund-by-fund time-series regressions 
Mean 0.25 0.61 0.49 0.17 

Standard deviation 0.20 0.22 0.26 0.22 

25th percentile 0.08 0.47 0.3 0.05 

Median 0.22 0.65 0.48 0.10 

75th percentile 0.39 0.78 0.67 0.23 

Highest accuracy 0.08 0.92 0.10 0.90 

Number of observations 2,244 2,244 2,244 2,244 
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Exhibit 6. Hedge Fund-of-Funds Analysis 

Exhibit 6 presents the results for the fund-of-funds analysis. We construct two portfolios for the 15 largest 
cohorts by number of funds. The top portfolio contains the N best funds from each cohort, and the non-top 
portfolio contains all other funds apart from the N funds with highest alpha from each cohort. Columns 1 
to 3 present the results when the top portfolio is constructed by investing in the two best funds from each 
cohort. Columns 4 to 6 present the results when the top portfolio is constructed by investing in the four best 
funds from each cohort. In Columns 1, 2, 4, and 5, the top and non-top portfolios are regressed against the 
seven-factor model. In Columns 3 and 6, the top portfolio is regressed against the non-top portfolio. The 
intercepts represent basis points per month. S&P is the return of the S&P 500. SC-LC is the return of Russell 
2000 minus the return of S&P 500. 10Yr is the change in 10-year constant maturity yield. CredSpr is the 
change in the Moody’s Baa yield less 10-year treasury constant maturity yield. BdOpt, FxOpt and ComOpt 
are the three trend-following factors introduced in Fung and Hsieh (2001). Analysis is based on returns net 
of fees.  

No. of top funds N = 2 N = 4 
Fund group Top Non-top Top Top Non-top Top 

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

Panel A: Quarterly rebalance 
Intercept 30.595∗∗∗ 8.735 24.290∗∗∗ 25.85∗∗ 7.245 21.981∗∗∗ 

2.81 0.80 5.23 2.52 0.64 4.72 
Non-top 0.939∗∗∗ 0.883∗∗∗ 

60.99 58.20 
S&P 0.413∗∗∗ 0.444∗∗∗ 0.395∗∗∗ 0.450∗∗∗ 

14.66 15.59 14.82 15.44 
SC-LC 0.205∗∗∗ 0.185∗∗∗ 0.202∗∗∗ 0.193∗∗∗ 

6.180 5.51 6.45 (5.62 
10Yr −0.012∗∗  −0.012∗∗ −0.012∗∗∗  −0.011∗∗

(2.52) (2.36) (2.68) (2.22) 
CredSpr −0.037∗∗∗  −0.039∗∗∗ −0.035∗∗∗  −0.039∗∗∗

(5.94) (6.26) (6.07) (6.13) 
BdOpt −0.009 −0.001 −0.010 −0.001

(1.11) (0.14) (1.35) (0.10) 
FxOpt 0.011 0.009 0.008 0.009 

1.64 1.27 1.18 1.36 
ComOpt 0.000 0.000 0.000 0.000 

0.02 0.02 0.03 0.05 

No. of observations 216 216 216 216 216 216 

Adjusted R2  0.71 0.72  0.95 0.72 0.72 0.94 
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Exhibit 6 (continued) 

No. of top funds N = 2 N = 4 
Fund group Top Non-top Top Top Non-top Top 

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

Panel B: Annual rebalance 

Intercept 25.011∗∗ 14.775 9.882∗∗ 25.600∗∗∗ 12.513 13.015∗∗∗ 
2.42 1.43 2.17 2.57 1.182 2.99 

Non-top 0.977∗∗∗ 0.935∗∗∗ 
60.94 61.93 

S&P 0.398∗∗∗ 0.401∗∗∗ 0.389∗∗∗ 0.407∗∗∗ 
14.84 15.00 (15.089) (14.831) 

SC-LC 0.195∗∗∗ 0.235∗∗∗ 0.193∗∗∗ 0.245∗∗∗ 
6.18 7.48 6.37 7.58 

10Yr −0.011∗∗  −0.013∗∗∗ −0.011∗∗  −0.013∗∗∗
(2.43) (2.83) (2.44)  (2.76) 

CredSpr −0.039∗∗∗  −0.033∗∗∗ −0.037∗∗∗  −0.032∗∗∗
(6.65) (5.65) (6.61) (5.36) 

BdOpt −0.009 −0.006 −0.008 −0.007
(1.27) (0.84) (1.11) (0.95) 

FxOpt 0.014∗∗ 0.007 0.012∗∗ 0.007 
2.13 1.16 2.03 1.07 

ComOpt 0.000 −0.004 −0.001 −0.004
(0.02) (0.59) (0.20) (0.54) 

No. of observations 216 216 216 216 216 216 

Adjusted R2  0.72 0.72 0.95 0.73 0.72 0.95 

t statistics reported below the coefficients. ∗ p<0.10,∗∗ p<0.05,∗∗∗ p<0.01 
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Figure 1. Fund Clustering Dendrogram 

Figure 1 presents an example dendrogram based on the distance between funds. Funds are assigned to 
cohorts until the distance cohort cut-off is attained. In this figure, funds A, B, C, and D form one cohort, 
and funds E and F form a second cohort. Funds G and H do not belong to any cohort. 
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Figure 2. Histograms of Model Accuracy – Cross-Sectional Regressions 

Figure 2 presents histograms of model accuracy under the cross-sectional regressions. Each month, we 
regress actual fund returns against model-predicted fund returns, both net of fees. The top-left (top-right) 
histogram presents the distribution of R2 under the cohort model (seven-factor model). The bottom-left 
(bottom-right) histogram presents the distribution of the absolute difference of the estimated regression 
slope and 1 under the cohort model (seven-factor model), estimated with a forced maximum value of 1. 
Model-predicted fund returns are generated in two steps. First, α and β estimates are formed under the 
cohort model or seven-factor model respectively at time t, based on the previous 24 months of data from 
time t-24 to time t-1. Second, the model-predicted return at time t is calculated as the sum of the α estimates 
plus the product of the β estimates and returns on the observed benchmarks, i.e. factor or cohort return, 
respectively. 
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Figure 3. Histograms of Model Accuracy – Fund Time Series Regressions 

Figure 3 presents histograms of model accuracy under the fund-by-fund times series regressions. For each 
fund with 24 months of predicted returns, we regress actual fund returns against model-predicted fund 
returns, both net of fees. The top-left (top-right) histogram presents the distribution of R2 under the cohort 
model (seven-factor model). The bottom-left (bottom-right) histogram presents the distribution of the 
absolute difference of the estimated regression slope and 1 under the cohort model (seven-factor model), 
estimated with a forced maximum value of 1. Model-predicted fund returns are generated in two steps. 
First, α and β estimates are formed under the cohort model or seven-factor model respectively at time t, 
based on the previous 24 months of data from time t-24 to time t-1. Second, the model-predicted return at 
time t is calculated as the sum of the α estimates plus the product of the β estimates and returns on the 
observed benchmarks, i.e. factor or cohort return, respectively. 
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Figure 4. Performance Persistence – Panel Regression Results. 

Figure 4 presents the panel regression results under the analysis of performance persistence. The left plot 
presents estimated average regression coefficients. The right plot presents estimated t-statistics, with the *, 
** and *** lines representing the lower limit of p < 0.1, p < 0.05 and p < 0.01, respectively. The x-axis 
represents quarters after initial alpha estimation. The dependent variable when seven-factor alpha is 
analyzed is factor-adjusted return (FARadj). The dependent variable when cohort alpha is analyzed is the 
peer-adjusted return (PARadj). The independent variables are initial alpha estimates prior to the evaluation 
period under each model and control variables including: performance fee, management fees, minimum 
investment, redemption frequency, redemption notice period, subscription frequency, lock-up period, 
natural logarithm of fund age, and the natural logarithm of fund size. Alpha is measured as percentage per 
quarter, winsorized at the 1st and 99th percentile, and mean-adjusted across each cross-section following 
Equation (8). As per Petersen (2009), standard errors are clustered by fund. Returns are net of fees. 
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Figure 5. Performance Persistence – Fama-MacBeth Regression Results 

Figure 5 presents the Fama-MacBeth regression results under the analysis of performance persistence. The 
left plot presents estimated average regression coefficients. The right plot presents estimated t-statistics, 
with the *, ** and *** lines representing the lower limit of p < 0.1, p < 0.05 and p < 0.01, respectively. The 
x-axis represents quarters after initial alpha estimation. The dependent variable when seven-factor alpha is 
analyzed is factor-adjusted return (FARadj). The dependent variable when cohort alpha is analyzed is the 
peer-adjusted return (PARadj). The independent variables are initial alpha estimates prior to the evaluation 
period under each model and control variables including: performance fee, management fees, minimum 
investment, redemption frequency, redemption notice period, subscription frequency, lock-up period, 
natural logarithm of fund age, and the natural logarithm of fund size. Alpha is measured as percentage per 
quarter, winsorized at the 1st and 99th percentile, and mean-adjusted across each cross-section following 
Equation (8). Standard errors are estimated using Newey-Wast adjustments. Returns are net of fees. 
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Figure 6. Performance Persistence – Quartile Analysis 

Figure 6 presents the quartile analysis results under the analysis of performance persistence. Panel A is 
based on returns net of fees, while Panel B (see over) is based on returns gross of fees estimated following 
the method of Naik et a. (2009) assuming quarterly flows and high watermark resets. Each quarter, four 
quartile portfolios are formed based by ranking on fund alpha. The top-left (top-right) plot presents the 
average post-formation alpha under the seven-factor (cohort) model. The bottom-left (bottom-right) plot 
presents t-statistics under the seven-factor (cohort) model, with the *, ** and *** lines representing the 
lower limit of p < 0.1, p < 0.05 and p < 0.01, respectively. The x-axis represents quarters after alpha 
estimation. Portfolio returns are based on factor-adjusted return (FARadj) when seven-factor alpha is 
analyzed. Portfolio returns are based on peer-adjusted return (PARadj) when cohort alpha is analyzed. Alpha 
is measured as percentage per quarter, winsorized at the 1st and 99th percentile, and mean-adjusted across 
each cross-section following Equation (8). 

Panel A: Based on returns net of fees 
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Exhibit 6 (continued) 

Panel B: Based on returns gross of fees 
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Figure 7. Performance Persistence – Panel Regression Results for Funds Without Close Peers 

Figure 7 presents the panel regression results under the analysis of performance persistence for funds that 
are not matched to a cohort under the original cohort model. The left plot presents estimated average 
regression coefficients. The right plot presents estimated t-statistics, with the *, ** and *** lines 
representing the lower limit of p < 0.1, p < 0.05 and p < 0.01, respectively. The x-axis represents quarters 
after initial alpha estimation. The dependent variable when seven-factor alpha is analyzed is factor-adjusted 
return (FARadj). The dependent variable when cohort alpha is analyzed is the peer-adjusted return (PARadj). 
The independent variables are initial alpha estimates prior to the evaluation period under each model and 
control variables including: performance fee, management fees, minimum investment, redemption 
frequency, redemption notice period, subscription frequency, lock-up period, natural logarithm of fund age, 
and the natural logarithm of fund size. Alpha is measured as percentage per quarter, winsorized at the 1st 
and 99th percentile, and mean-adjusted across each cross-section following Equation (8). As per Petersen 
(2009), standard errors are clustered by fund. Returns are net of fees. 
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Figure 8. Performance Persistence – Panel Regression Results for Complete Sample of Funds 

Figure 8 presents the panel regression results under the analysis of performance persistence for the complete 
sample of funds, i.e. both the funds with and without close peers. The left plot presents estimated average 
regression coefficients. The right plot presents estimated t-statistics, with the *, ** and *** lines 
representing the lower limit of p < 0.1, p < 0.05 and p < 0.01, respectively. The x-axis represents quarters 
after initial alpha estimation. The dependent variable when seven-factor alpha is analyzed is factor-adjusted 
return (FARadj). The dependent variable when cohort alpha is analyzed is the peer-adjusted return (PARadj). 
The independent variables are initial alpha estimates prior to the evaluation period under each model and 
control variables including: performance fee, management fees, minimum investment, redemption 
frequency, redemption notice period, subscription frequency, lock-up period, natural logarithm of fund age, 
and the natural logarithm of fund size. Alpha is measured as percentage per quarter, winsorized at the 1st 
and 99th percentile, and mean-adjusted across each cross-section following Equation (8). As per Petersen 
(2009), standard errors are clustered by fund. Returns are net of fees. 
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Identifying Hedge Fund Skill Using Peer Cohorts 

ONLINE APPENDIX 

Exhibit A1. Sample Size and Cohorts Over Time 

Exhibit A1 reports yearly averages for the hedge fund analysis sample, the number of funds assigned to cohorts, 
the number of cohorts and the percentage of funds assigned to cohorts in the period. Averages across the entire 
sample are reported at the bottom. The analysis sample extends from January 1997 to June 2016, and includes 
funds with a minimum of 24 months of return history.    

Average over 
12 months to: 

Number of hedge 
funds with at least 

24-months of returns

Number of funds 
assigned to cohorts 

Number of 
cohorts 

% funds in 
cohorts 

June 1998 277 125 42 45% 
June 1999 373 207 55 55% 
June 2000 428 235 75 55% 
June 2001 453 232 78 51% 
June 2002 518 262 86 51% 
June 2003 582 301 101 52% 
June 2004 667 329 110 49% 
June 2005 833 429 139 51% 
June 2006 1056 577 174 55% 
June 2007 1255 665 197 53% 
June 2008 1434 789 230 55% 
June 2009 1370 847 186 62% 
June 2010 1313 799 171 61% 
June 2011 1465 874 180 60% 
June 2012 1647 1045 210 63% 
June 2013 1862 1236 239 66% 
June 2014 1992 1285 265 65% 
June 2015 2096 1321 301 63% 
June 2016 2107 1331 297 63% 

Sample Average 1119 663 161 56% 

Exhibit A2. Cohort Stability 

Exhibit A2 estimates the average percentage of funds that remain within a cohort, abstracting from new funds 
that enter. Funds within each cohort are identified at the end of each month, and the percentage of those funds 
remaining within that cohort is estimated over the next 60 months. The estimates then are averaged across all 
cohorts and months.   

Months after cohort formation 1 3 6 9 12 18 24 36 48 60 

Average percentage of funds 
remaining in the same cohort 

84% 77% 71% 68% 66% 62% 61% 59% 57% 57% 
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Exhibit A3. Factor Exposures for 15 Cohorts with Highest R-squared 

Exhibit A3 presents factor loadings for the 15 cohorts in existence at the end of the sample period with the highest R-squared under the seven-factor model of the based on 
regression analysis of monthly returns over the period January 2004 to June 2016. Intercepts represent percentage per month. S&P is the return of the S&P 500. SC-LC is the 
return of Russell 2000 minus the return of S&P 500. 10Yr is the change in 10-year constant maturity yield. CredSpr is the change in the Moody’s Baa yield less 10-year 
treasury constant maturity yield. BdOpt, FxOpt and ComOpt are the three trend-following factors introduced in Fung and Hsieh (2001). 

Cohort (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 

Intercept 0.002** 0.001 0.002 0.000 0.005*** 0.005*** 0.003** 0.001 0.002** 0.003 0.005*** 0.005*** 0.005*** 0.003*** 0.003 
2.07 0.74 1.27 (0.07) 5.26 3.89 2.33 0.66 2.14 1.04 4.72 4.67 5.84 3.08 1.64 

S&P 0.67*** 0.75*** 0.66*** 0.73*** 0.13*** 0.15*** 0.19*** 0.60*** 0.24*** 0.63*** 0.16*** 0.06 0.12*** 0.14*** 0.45*** 

29.19 30.88 17.41 14.62 4.99 3.91 4.71 9.33 8.21 7.79 5.11 1.65 4.45 5.33 9.42 

SC-LC 0.50*** 0.17*** 0.27*** -0.03 0.04 -0.02 -0.02 -0.01 0.03 -0.04 0.01 -0.01 0.02 -0.01 -0.01

15.66 5.04 5.08 (0.46) 1.06 (0.38) (0.29) (0.09) 0.72 (0.40) 0.31 (0.21) 0.59 (0.21) (0.10) 

10Yr 0.01*** -0.00 -0.01 -0.05*** -0.01*** -0.00 -0.03*** -0.02** 0.00 -0.03*** 0.00 -0.01** -0.00 0.00 0.00 

3.71 (0.02) (1.65) (6.53) (3.43) (0.55) (4.79) (2.54) 0.88 (2.81) 0.59 (2.22) (0.09) 0.58 0.41 

CredSpr 0.00 -0.02*** -0.05*** -0.03*** -0.05*** -0.07*** -0.07*** -0.06*** -0.02*** -0.09*** -0.03*** -0.06*** -0.03*** -0.03*** -0.01**

(0.42) (5.70) (8.20) (3.07) (11.39) (10.54) (10.53) (5.56) (4.23) (6.70) (6.66) (10.57) (6.71) (6.67) (1.74) 

BdOpt -0.01 -0.01** 0.00 0.01 -0.01 -0.02** -0.01 -0.03* -0.01 -0.03 -0.02** -0.01 -0.02*** -0.01* -0.03**

(0.86) (2.15) 0.04 0.74 (0.89) (2.06) (1.40) (1.74) (1.34) (1.24) (2.30) (0.90) (2.67) (1.80) (2.27) 

FxOpt 0.01 0.01** 0.01* 0.00 -0.00 0.01 -0.00 0.03** 0.01 0.04** 0.01 0.00 0.01 0.01 0.01 

1.41 2.41 1.81 0.46 (0.06) 1.12 (0.08) 2.60 1.41 2.21 1.32 0.14 0.98 1.21 1.33 

ComOpt -0.01* -0.00 -0.02** 0.01 -0.01* -0.02** -0.02* -0.01 -0.01 -0.01 -0.01 -0.02** -0.01** -0.01 -0.00

(1.85) (0.90) (2.01) 0.64 (1.73) (2.09) (1.96) (0.87) (0.94) (0.82) (1.63) (2.46) (2.14) (1.27) (0.40) 

# of obs. 150 150 150 129 150 150 150 150 150 150 150 150 150 150 150 

Adj. R2 0.94 0.94 0.87 0.75 0.71 0.69 0.67 0.64 0.62 0.61 0.61 0.61 0.60 0.60 0.58 

t statistics reported below coefficients. ∗ p<0.10, ∗∗ p<0.05, ∗∗∗ p<0.01. 

Page 60
This is an Accepted Manuscript version of the following article: Forsberg, D., Gallagher, D. R., & Warren, G. J. (2021). Identifying Hedge Fund 

Skill by Using Peer Cohorts. Financial Analysts Journal, 77(2), 97-123. https://doi.org/10.1080/0015198X.2021.1875716 
It is deposited under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License (CC BY-NC-ND).



Page 61

Exhibit A4. Hedge Fund-of-Funds Analysis – Selection Based on Seven-Factor Model 

Exhibit A4 presents the results for the fund-of-funds analysis where funds are selected based on seven-factor 
alpha. We construct two ‘top’ portfolios comprising the 30 and 60 best-performing funds based on seven-factor 
alpha, based on the sub-sample of funds assigned to cohorts. This ensures a comparable sample and the same 
portfolio size as analysis of the top-two and top-four funds under the cohort model. Results are presented for the 
top-30 portfolio in Columns 1 to 3, and the top-60 portfolio in Columns 4 to 6. In Columns 1, 2, 4, and 5, the 
top and ‘other funds’ portfolios are regressed against the seven-factor model. In Columns 3 and 6, the top 
portfolio is regressed against the portfolio comprising all other funds. The intercepts represent basis points per 
month. Results for quarterly rebalancing appear in Panel A, and yearly rebalancing in Panel B. S&P is the return 
of the S&P 500. SC-LC is the return of Russell 2000 minus the return of S&P 500. 10Yr is the change in 10-
year constant maturity yield. CredSpr is the change in the Moody’s Baa yield less 10-year treasury constant 
maturity yield. BdOpt, FxOpt and ComOpt are the three trend-following factors introduced in Fung and Hsieh 
(2001). Analysis is based on returns net of fees.  

No. of top funds N = 30 N = 60 

Fund group Top 
Other 
Funds 

Top Top 
Other 
Funds 

Top 

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

Panel A: Quarterly rebalance 
Intercept 40.48* 23.20*** 6.10 28.40* 24.76*** -4.53

1.93 2.94 0.36 1.70 3.12 (0.34) 

Other Funds 1.471*** 1.344*** 
19.33 22.36 

S&P 0.504*** 0.330*** 0.461*** 0.323*** 
9.29 16.15 10.65 15.69 

SC-LC 0.277*** 0.169*** 0.217*** 0.168*** 
4.34 7.02 4.27 6.96 

10Yr -0.010 -0.006 -0.011 -0.005
(1.09) (1.56) (1.47) (1.32) 

CredSpr -0.035*** -0.024*** -0.038*** -0.022***

(2.95) (5.25) (4.03) (4.98) 

BdOpt -0.004 -0.006 -0.006 -0.006
(0.26) (1.04) (0.51) (0.98) 

FxOpt 0.034*** 0.012** 0.029*** 0.011** 
2.62 2.45 2.81 2.21 

ComOpt 0.014 -0.004 0.011 -0.005
0.96 (0.63) 0.94 (0.88) 

No. of observations 216 216 216 216 216 216 

Adjusted R2  0.46 0.74 0.63 0.54 0.73 0.70 
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Exhibit A3 (continued) 

No. of top funds N = 30 N = 60 

Fund group Top 
Other 
Funds 

Top Top 
Other 
Funds 

Top 

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

Panel B: Annual rebalance 

Intercept 24.66 19.88** -9.57 26.63 19.67** -1.54
1.19 2.49 (0.60) 1.64 2.43 (0.12) 

Other Funds 1.591 1.388*** 
21.12 23.54 

S&P 0.466*** 0.301*** 0.436*** 0.293*** 
8.67 14.59 10.36 13.97 

SC-LC 0.352*** 0.194*** 0.250*** 0.199*** 
5.56 7.99 5.06 8.08 

10Yr -0.009 -0.007** -0.008 -0.008**

(1.01) (1.98) (1.15) (2.09) 

CredSpr -0.032*** -0.018*** -0.031*** -0.018***

(2.72) (4.03) (3.33) (3.87) 

BdOpt -0.011 -0.010* -0.014 -0.011*

(0.75) (1.83) (1.18) (1.84) 

FxOpt 0.032** 0.011** 0.028*** 0.011** 
2.52 2.31 2.83 2.11 

ComOpt 0.015 -0.002 0.013 -0.003
1.02 (0.38) 1.13 (0.60) 

No. of observations 216 216 216 216 216 216 

Adjusted R2  0.46 0.70 0.67 0.53 0.69 0.72 

t statistics reported below coefficients. ∗ p<0.10,∗∗ p<0.05,∗∗∗ p<0.01 
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Exhibit A5. Probability of Delisting 

Exhibit A5 provides analysis of the probability of delisting using logit regressions with a delisting dummy as 
dependent variable and fund alpha and fund controls as independent variables. The analysis is based on monthly 
data. Delisting is a dummy equal to one if the fund is delisted. Seven-factor alpha is the fund alpha defined by 
the Fung and Hsieh (2004) seven-factor model. Cohort alpha is the fund alpha estimated through a regression of 
fund returns on average return of the other funds in the cohort. Fund Size is the natural logarithm of fund AUM, 
Fund Age is the natural logarithm of the number of months since fund inception, Performance Fee is the 
percentage performance fee charged by the fund, Management Fee is the percentage management fee charged 
by the fund, Minimum Investment is the natural logarithm of minimum investment measured in million USD, 
Redemption Frequency is the redemption frequency measured in number of days, Redemption Notice Period is 
the notice measured in number of days, Subscription Frequency is the subscription frequency measured in 
number of days, and the Lock-up Period is the lock-up measured in number of months. All variables are adjusted 
by the mean within the full fund universe (within the cohort) when estimating the probability of delisting in 
Column 1 (Column 2). The fund alphas are measured as percentage per month; are based on returns net of fees; 
and are winsorized at the 1st and 99th percentile.  

Delisting Delisting 
(1) (2) 

Intercept -4.892*** -4.679***
(140.06) (158.44)

Seven-factor alpha -0.340***
(13.56)

Cohort alpha -0.525***
(14.03)

Fund Size -0.567*** -0.399***
(23.70) (16.17)

Fund Age -0.202*** -0.143***
(4.52) (2.62)

Performance Fee 0.035*** 0.021***
8.18 4.27 

Management Fee 0.128** 0.159*** 
2.94 2.90 

Minimum Investment 0.141*** 0.131*** 
7.13 5.69 

Redemption Frequency 0.000 -0.000
0.076 (-0.77)

Redemption Notice Period -0.002** -0.004***
(2.22) (3.43)

Subscription Frequency -0.002 -0.002
(-.53) (1.29)

Lock-up Period -0.009** -0.008
(2.12) (1.60)

Number of Observations 143281 143281 
Pseudo R2  0.067 0.037 

t statistics reported below coefficients. ∗ p<0.10,∗∗ p<0.05,∗∗∗ p<0.01 
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Figure A1. Performance Persistence – Quartile Analysis for Funds Without Close Peers 

Figure A1 presents the quartile results under the analysis of performance persistence, where the sample is funds 
that are not initially assigned to cohorts under the 0.25 distance measure. Each quarter, four quartile portfolios 
are formed based by ranking on fund alpha. The top-left (top-right) plot presents the average post-formation 
alpha under the seven-factor (cohort) model. The bottom-left (bottom-right) plot presents t-statistics under the 
seven-factor (cohort) model, with the *, ** and *** lines representing the lower limit of p < 0.1, p < 0.05 and p 
< 0.01, respectively. The x-axis represents quarters after alpha estimation. Portfolio returns are based on factor-
adjusted return (FARadj) when seven-factor alpha is analyzed. Portfolio returns are based on peer-adjusted return 
(PARadj) when cohort alpha is analyzed. Alpha is measured as percentage per quarter, winsorized at the 1st and 
99th percentile, and mean-adjusted across each cross-section following Equation (8). As per Petersen (2009), 
standard errors are clustered by fund. Analysis is based on returns net of fees. 
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Figure A2. Performance Persistence – Quartile Analysis for Complete Sample of Funds 

Figure A1 presents the quartile results under the analysis of performance persistence, where the sample 
comprises all funds. After initially forming cohorts in a first step, the remaining funds not assigned to cohorts 
are allocated to the cohorts with which they have the highest correlation. Each quarter, four quartile portfolios 
are formed based by ranking on fund alpha. The top-left (top-right) plot presents the average post-formation 
alpha under the seven-factor (cohort) model. The bottom-left (bottom-right) plot presents t-statistics under the 
seven-factor (cohort) model, with the *, ** and *** lines representing the lower limit of p < 0.1, p < 0.05 and p 
< 0.01, respectively. The x-axis represents quarters after alpha estimation. Portfolio returns are based on factor-
adjusted return (FARadj) when seven-factor alpha is analyzed. Portfolio returns are based on peer-adjusted return 
(PARadj) when cohort alpha is analyzed. Alpha is measured as percentage per quarter, winsorized at the 1st and 
99th percentile, and mean-adjusted across each cross-section following Equation (8). As per Petersen (2009), 
standard errors are clustered by fund. Analysis is based on returns net of fees. 
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Robustness Testing – Panel Regression Results 

Exhibits A3 to A8 present panel regression results where performance persistence is analysed under 
alternative methods when forming cohorts. Exhibit A9 presents panel regression results under an eight-
factor model. Panel regression are chosen as the primary method for presenting the robustness tests as a 
succinct summary of the extent to which cohort model generates persistence.  Figure 4 from the paper is 
provided below for reference to assist in making comparisons. 

Given that the panel regression analysis follows the same general procedure, we describe it once below 
rather than providing table descriptions with each exhibit. Additional information is provided as notes to 
the exhibits. 

Description of the Analysis Procedure 

Exhibits A3 to A9 present persistence analysis using the panel regression method under differing 
procedures for forming cohorts and estimating cohort alpha.  In each exhibit, the left plot presents estimated 
average regression coefficients; while the right plot presents estimated t-statistics, with the *, ** and *** 
lines representing the lower limit of p < 0.1, p < 0.05 and p < 0.01, respectively. The x-axis represents 
quarters after initial alpha estimation. The dependent variable when seven-factor alpha is analyzed is factor-
adjusted return (FARadj). The dependent variable when cohort alpha is analyzed is the peer-adjusted return 
(PARadj). The independent variables are initial alpha estimates prior to the evaluation period under each 
model and control variables including: performance fee, management fees, minimum investment, 
redemption frequency, redemption notice period, subscription frequency, lock-up period, natural logarithm 
of fund age, and the natural logarithm of fund size. Alpha is measured as percentage per quarter, winsorized 
at the 1st and 99th percentile, and mean-adjusted across each cross-section following Equation (8). As per 
Petersen (2009), standard errors are clustered by fund. Returns are net of fees. 

Figure 4. Performance Persistence – Panel Regression Results (provided for reference) 
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Figure A3. Performance Persistence with Cohorts Formed Using a Distance Measure of 0.20 

Notes: A distance measure of 0.20 equates to a correlation cut-off of 0.80. 

Figure A4. Performance Persistence with Cohorts Formed Using a Distance Measure of 0.30 

Notes: A distance measure of 0.30 equates to a correlation cut-off of 0.70. 
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Figure A5. Performance Persistence with Cohorts Comprising Minimum of Five Funds 

Notes: Cohorts are formed only if there are five funds attaining the distance measure of 0.25. 

Figure A6. Performance Persistence with Cohorts Formed Using a Distance Measure of 0.40 
and Cohorts Comprising Minimum of Five Funds – Funds Initially Assigned to Cohorts 

Notes: Cohorts are formed if there are five funds attaining the distance measure of 0.40 (equating to a 
correlation cut-off of 0.60). This leads to an average of 28 cohorts, versus 161 under the main analysis.   
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Figure A7. Performance Persistence with Cohorts Formed Using a Distance Measure of 0.40 
and Cohorts Comprising Minimum of Five Funds – Complete Fund Sample  

Note: Cohort formation under the complete fund sample involves first forming cohorts of at least 5 funds 
under the 0.40 distance measure (correlation of 0.60), then assigning all remaining funds to their closest 
cohort based on correlation.  

Figure A8. Performance Persistence with Cohorts Based on Exponentially Weighted Correlation 

Notes: Exponential weighting is applied to induce a correlation half-life of around two-years. 
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Figure A9. Performance Persistence with Cohorts Based on an Eight-Factor Model 

Notes: Equation (OA1) describes the eight-factor model used to assess alpha at month t. Equation (OA2) is 
applied in evaluating performance after the assessment period. 

𝑟 = 𝛼 + 𝛽 𝐺 , + 𝛽 𝜆 + 𝜖  (OA1) 

𝐹𝑃𝐴𝑅 = 𝑟 − 𝛽 , 𝐺 , − 𝛽 𝜆  (OA2) 

where 𝛽  is the fund’s exposure to factor j, 𝐺 ,  is the return on factor j within the Fung and Hsieh (2004)

seven-factor model, and 𝛽  is the estimate of the fund’s exposure to benchmark 𝜆. 
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