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After years of expansion, the US Liquid Alternative Funds 
market experienced a wide dispersion of performance 
during the COVID-19 market crisis.

Using a novel quantitative process using Premialab Pure 
Factors®, we identify nine “clusters” from a universe of 269 
US Liquid Alternative Funds based on their performance 
and factor characteristics.

Investors can gain additional insights into their current 
or prospective US Liquid Alternative Funds holdings by 
observing performance in the context of the relevant 
cluster.

Keywords: US Liquid Alternative Fund | 
Premialab Pure Factors® | factor investing | 
alpha monitoring | clustering | risk management

Investors seeking diversified sources of performance with 
a variety of implementations across asset classes have 
flocked to US Liquid Alternative Funds markets, resulting 
in increasing cash inflow in the space over recent years. 
However, the recent market volatility caused by Covid-19 
has brought a few surprises and exposed the difficulty 
of determining how each implementation should be 
positioned in relation to its peers. With such a wide variety 
of long-short exposures, varying leverage, and underlying 
markets, traditional approaches to identify sources of risk 
and return, such as those based on correlations, have faced 
challenges.

This white paper examines a universe of the largest US 
Liquid Alternative Funds by AUM in order to classify them 
by risk profile, extract the benchmark for each cluster, and 
present a multi-asset decomposition framework for their 
variance and performance. A factor-based approach is first 
applied to split the universe into clusters with similar risk 
exposures. Each group's risk and performance drivers are 
then analyzed, granting the greatest level of transparency 
and granularity into their behavior.

Summary

The US Liquid Alternative Funds Examined
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Presentation of 
Universe1



This white paper analyzes 269 US liquid alternative funds that represent the largest assets 
under management (AUM) and and hold a significant track records. More precisely, we filtered 
funds denominated in USD, with over three years of daily historical return data available, and 
AUM above 50 million USD or equivalent. These are all labeled under the following Morningstar 
categories as of the beginning of May 2022:

• Multi-alternative strategies

• Long-short equity

• Trading options

• Systematic trend

• Global macro

• Event-driven

• Equity market neutral and relative value arbitrage

• Non-traditional bond

The figures and graphs below provide a further breakdown of the selected funds as of the 
beginning of May 2022.

Breakdown of selected US Liquid Alternative Funds by AUM

Breakdown of selected US Liquid Alternative Funds

Figure 1: Selected US Liquid Alternative Funds Breakdown per AUM. | (source: Morningstar, Premialab)

Table 2: Selected US Liquid Alternative Funds Breakdown. | (source: Morningstar, Premialab)

Category AUM (Million USD) Number of Funds

Equity Market Neutral 6,337 11

Event Driven 20,193 18

Long-Short Equity 21,476 50

Global Macro 8,764 15

Multi-alternative Strategies 34,368 35

Non-traditional Bond 141,541 77

Trading Options 37,216 39

Relative Value Arbitrage 21,468 6

Systematic Trend 17,656 18

US Dollar 47,902 75

Grand Total 309,019 269

5



Among these categories comprising of 572 funds, the selected ones represent 90% of the total 
AUM. This selection therefore can be considered a representation of the whole investment 
universe. The average AUM is USD 1,149 million, and more than half of the funds were launched 
by 2013.

Breakdown by Inception Year per Category Distribution of Funds by AUM

Figure 3: Selected US Liquid Alternative Funds by Inception Year per 
Category. 

Figure 4: Selected US Liquid Alternative Funds Distribution by AUM.

Table 5: Selected US Liquid Alternative Funds by Inception Year.

Inception Year AUM per Year (Million USD) Sum of Selected Funds

2008 & Before 133,191 50

2009 4,468 8

2010 11,758 20

2011 31,152 23

2012 20,468 21

2013 31,357 32

2014 31,264 24

2015 25,768 28

2016 5,854 20

2017 5,858 15

2018 6,951 22

2019 930 6

Grand Total 309,019 269
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Return vs. Volatility, Size: AUM

Figure 6: Selected US Liquid Alternative Funds Three-Year Performance as of June 2022.

Between 2019 and 2022, the funds' performance metrics such as return, volatility and sharpe 
ratio, showed a high level of dispersion. The following sections will analyze this dispersion in 
more detail and outline the underlying reasons behind it.

Distribution of the 3-Year Sharpe Ratio* Distribution of the 1-Year Sharpe Ratio*

Figure 7: Selected US Liquid Alternative Funds 3-Year Sharpe Ratio as of 
June 2022. 

*Sharpe ratios are calculated using a 0% risk free rate

Figure 8: Selected US Liquid Alternative Funds 1-Year Sharpe ratio as of 
June 2022. 

*Sharpe ratios are calculated using a 0% risk free rate
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The first step in this analysis is to create comparable peer groups, or clusters, from the 
entire universe of funds. Each cluster should contain a logical selection of strategies with 
comparable risk profiles and risk premium sources that drive their performance. A novel 
approach based on factor sensitivities across all asset classes is used to cluster the funds and 
provide a unique view of the universe.

To quantify the factor sensitivities of each fund, a large-scale regression analysis 
encompassing the 47 Premialab Pure Factors® (Trecourt 2022) and their corresponding market 
benchmarks is used to obtain an unbiased factor exposure. Individual funds are represented 
in this multi-dimensional method by a vector of betas to the Premialab Pure Factors®, which 
represents their multi-asset factor exposures. On the factor beta matrix collected, Hierarchal 
Agglomerative Clustering (HAC) (Müllner 2011) is used to discover similar groupings of funds. 
Appendices 1 and 2 refer to factors and definitions, respectively.

Hierarchical clustering is one of the most popular and intuitive clustering algorithms. After 
considering and testing other models, as indicated below, it has proven to be the most 
appropriate for this analysis. Indeed, hierarchical clustering begins by considering all data 
points as separate unique clusters, which is in line with the assumption that each US liquid 
alternative fund has a singular implementation. With k-means clustering it is necessary 
to specify the number of desired clusters beforehand. This constraint renders the method 
unsuitable, as cluster numbers are dynamic and depend on the computed factor exposures. 
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) is an algorithm that is 
most effective for clustering noisy data sets since it detects shapes and sizes in space. In this 
study, the clustering is based on factor betas and each input point is considered an important 
piece of information in the grouping process.

Ward’s linkage (Murtagh and Legendre 2011) is an algorithm used to group funds into 
clusters. The distance between the two beta vectors of each fund is first determined using 
the Euclidean distance (Dokmanic et al 2015). Ward’s linkage method then considers the 
alternative permutations of two clusters and merges them if they are similar. In our analysis, 
clusters were considered similar if the new cluster’s beta increased the least when compared 
with the other combinations.

The Euclidean distance has proven to be the most appropriate method for this analysis. It 
is an L2 metric, whereas the rectilinear Manhattan distance is an L1 metric. Squaring the 
differences of the coordinates in the Euclidean distance formula increases the penalty on the 
larger differences, thus aiding the detection of similarities. This is not the case with Manhattan 
distance.

This method is iterated until no more identical clusters can be optimized, resulting in the 
universe of funds being split into nine distinct clusters. As illustrated in Figure 9, a factor 
heatmap can visually represent the resulting clusters. This heatmap is a single graphic that 
depicts the risk for all 269 funds in three dimensions. This analytical method of aggregating 
risk premium sources across implementations creates a risk map that can be used to position 
funds across the whole universe.

Factor Heatmap Clustering
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Factor Scorecard

Figure 9: US Liquid Alternative Funds Universe Factor Scorecard (June 2019 - June 2022).

The beta values are regrouped vertically by asset type and style, as follows:

• Fixed Income with bond benchmark sensitivity

• Credit with credit benchmark sensitivity

• Commodity with commodity benchmark sensitivity

• Carry aggregating all the FICC Carry implementations in Fixed Income, Foreign Exchange, 
and Commodities

• Value aggregating all the FICC Value implementations in Fixed Income, Foreign Exchange, 
and Commodities

• Equity with equity benchmark sensitivity

• Each equity type (Carry, Low Volatility, Momentum, Quality, Size, and Value) aggregated 
across three regions: Global, US and Europe

• All Trend factors across asset classes are grouped in a CTA factor

• Short volatility sensitivities are grouped in Volatility across all asset classes

A positive beta to a certain factor or benchmark is indicated by a shade of blue, whereas a 
shade of red indicates a negative beta on the factor heatmap. The color intensity shows the 
magnitude of beta. As a result, the heatmap is a vector map of each fund's magnitude (beta 
value) and direction (positive or negative beta) in relation to risk factors across asset classes.

Clusters Presentation
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For each category, the betas to the above factors will be pooled for greater clarity. This 
technique ensures that we have sufficient granularity to capture the sensitivity to different 
geographies and styles within the same category, while producing a clear image of the fund 
risk profile.

The changes in beta to each factor reveal the risk characteristics as well as the key 
distinctions between implementations, thus enhancing a basic correlation measure. The 
heatmap provides a bird's-eye view of how related the funds are to factors and market-
weighted benchmarks. Part 3 provides more details and comments on each cluster's factor 
exposures.

Cluster Benchmarks Track Record

Figure 10: Track record of cluster benchmarks.

Table 11: Performance metrics of the nine clusters as of June 2022. 
*Sharpe ratios are calculated using a 0% risk free rate

Following the creation of these clusters, the next step is to construct a benchmark for each 
cluster that is a weighted representative abstraction of the underlying funds' performance and 
volatility. Each fund is scaled according to a target volatility equals the average volatility of 

Dispersion and Benchmarking

Return p.a. % Volatility % Sharpe Ratio*

Period 1Y 2Y 3Y March 1Y 2Y 3Y 1Y 2Y 3Y

Cluster 1 -6.54 7.26 4.95 -61.41 10.56 9.79 13 -0.53 0.73 0.38

Cluster 2 -11.81 3.2 4.99 -29.82 8.16 8.9 9.7 -1.14 0.42 0.46

Cluster 3 11.38 12.25 3.68 -54.21 6.84 7.13 9.18 1.22 1.21 0.28

Cluster 4 -6.43 1.2 1.35 -60.38 2.67 2.72 5.95 -1.94 0.31 0.23

Cluster 5 -7.25 0.09 -1.21 -69.99 2.45 2.64 5.92 -1.83 0.07 -0.17

Cluster 6 -3.55 4.52 3.58 -43.53 3.07 3.63 4.86 -0.88 0.87 0.53

Cluster 7 17.79 14.92 9.37 35.48 8.63 7.9 8.18 1.50 1.46 0.89

Cluster 8 -6.29 -1.68 2.86 136.52 2.97 2.74 3.56 -1.18 -0.36 0.25

Cluster 9 -2.51 -3.15 -4.09 -35.35 2.93 3.56 4.36 -0.42 -0.39 -0.62
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Cluster 1

Cluster 4

Cluster 7

Cluster 2

Cluster 5

Cluster 8

Cluster 3

Cluster 6

Cluster 9

Figure 12: Cluster Benchmark and Dispersion

the constituents over a three-year time frame. This normalization ensures a more consistent 
depiction of risk and accounts for varying leverage levels within clusters. The average 
performance of each normalized cluster is the benchmark for that cluster.

Figure 10 shows the returns of all nine cluster benchmarks over the last three years, 
illustrating the large performance divergence and recovery paths following the Covid-19 
market meltdown in March 2020.

While Clusters 1, 2, 3, 4, 5, 6 and 9 have similar patterns, they all experienced different 
levels of decline in March 2020. Clusters 7 and 8 benefit from the market fall. Cluster 1 has 
experienced the greatest drawdown throughout this time, followed by Cluster 3, Cluster 2, 
Cluster 5, Cluster 4, Cluster 6, and 9.
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Cluster 2 was the fastest to recover after the pandemic and the second best performer 
in terms of return during the last three years, right after Cluster 7. Cluster 8 experienced 
diminishing returns post March 2020 due to the nature of the hedging strategy used by the 
funds in this cluster.

The performance metrics of the nine clusters are shown in Table 11 for one-year, two-year, 
and three-year periods. Cluster 7 was the most consistent performer over the last three years, 
maintaining a constant sharpe ratio. Cluster 7 benefited the most from the post-Covid-19 
market conditions, with the greatest two-year sharpe ratio of 1.89.

The factor decomposition of each individual cluster will be examined in the following section 
to provide more granular return and risk attribution to each factor in the individual clusters.

For each cluster, Figure 12 displays the volatility, the average or benchmark return, which 
is represented by the black line, the interquartile range (IQR), represented by the dark blue 
region, and the minimum and maximum returns, represented by the light blue area. This 
diagram depicts return dispersion within a cluster and risk skewness measured by the 
asymmetry of returns above and below the IQR.

Clusters 1 and 2 show a similar IQR, with a large negative skew on the downside in both 
clusters. Surprisingly, the IQR of these clusters also widened significantly after the Covid-19 
market crisis in March 2020.

Clusters 4 and 6, on the other hand, show a high dispersion on the upside, with major 
outperformers for this group and a return acceleration following the Covid-19 crisis.

Pre- and post-Covid-19 crisis, Clusters 3 and 5 maintained a relatively symmetric return 
distribution with equal IQR. This suggests that the return dispersion is mostly unrelated to 
market movements.

As previously mentioned, clusters 7 and 8 exhibit a unique behavior with positive returns 
during the Covid-19 crash. In a very volatile environment, cluster 8  has a very limited lower 
quartile and a significantly greater upper quartile; the upper quartile tapers off in 2021 as the 
markets recover.
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Combining the information from the factor heatmap and the behavior of each cluster 
benchmark, provides a clear investment profile for each cluster that can be summarized in 
three categories.

In March 2020, the “Long Clusters” experienced a large downturn compared to their peers. 
Long clusters 1, 2, and 3 have been homogeneously driven by significant beta exposure to 
equity markets, resulting in a significant drawdown during such financial market stress. 
The sizes of the beta and the risk profile in relation to the growth and value factors is what 
differentiates the three clusters. A performance rotation has been recorded for the last two 
years between clusters 2 and 3 due to these short and long value profiles.

Clusters 4–6, mapped as "Neutral Clusters", proved to be stable with a neutral equity beta 
during the pandemic, with a return to positive performance afterward for clusters 4 and 6. 
Although the constituent funds have heterogeneous implementation philosophies, we can 
distinguish three distinct risk profiles among the clusters. A large portion of the variance 
of cluster 4 is explained by high beta to credit market. With very limited exposure to credit 
market, cluster 5 is more driven by fixed income and macro tilts, reporting a lower rebound. 
Cluster 6 is the most balanced, resulting in a small drop in March 2020.

The “Defensive Cluster” brings together funds that have accrued major benefits from the 
tumultuous recent events. They represent systematic hedging strategies with volatility 
implementations, or strategies that have been well positioned in terms of risk management in 
large equity drawdowns with either trend or long/short implementations. Clusters 7 and 8 are 
the only clusters that have proven profitable during the Covid-19 crash.

Each cluster is characterized by specific risk and return distributions. This section aims 
to introduce a quantitative framework that breaks down the performance and variance of 
each fund into unique factor exposures to capture their unique implementation features. A 
selection of risk factors can then be used as a lens to deconstruct their return streams.

A multivariate regression of each cluster and its underlying funds has been performed against 
the Premialab Pure Factors® and market-weighted benchmarks. The Least Absolute Shrinkage 
and Selection Operator, also known as LASSO, shrinkage approach has been applied to 
extract the most representative components from the data set. The penalty parameter is 
chosen using the Bayesian Information Criteria (BIC). The objective is to capture a significant 
amount of the variance of each fund in an automated manner, which reflects the inherent risk 
characteristics of the fund, such as asset class, region, and styles. Appendices 3 and 4 include 
two examples of fund factor decomposition.

Long Clusters

Neutral Clusters

Defensive Clusters

Individual Cluster Analysis
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The factor decomposition seeks to replicate a return stream with systematic long or short 
positions in a set of asset classes and statistically significant risk factors, until the regression 
tracking error has been minimized. The R-squared indicator, which measures the quality of the 
model, is maximized. The residuals are the part of the variance unexplained by the regressors, 
often called manager-specific alpha. In addition to providing a detailed performance 
attribution and monitoring framework, factor decomposition allows for identifying the sources 
of risks and estimating the revenue streams of a manager consistently.

The rolling one-year return and rolling one-year variance risk graphs provide a dynamic 
perspective of the performance and variance contributions of each factor, calibrated on a 52-
week rolling period.

Furthermore, a Minimum Spanning Tree (MST) is represented to offer a graphical view of the 
interactions within a cluster. The correlation is computed within the cluster and visualized by 
representing the distance between two funds as inversely proportional to their correlation. 
Similar funds are therefore grouped together while outliers appear at the edge of the tree.

All computations span over a 3-year time period from June 2019 to June 2022.
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Cluster 1

Cluster 3

Cluster 5

Cluster 7

Cluster 9

Cluster 2

Cluster 4

Cluster 6

Cluster 8

Multivariate Regression Beta Exposures per Cluster

Figure 13: Beta Exposure per Cluster (June 2019 - June 2022)

These exposures are shown in Figure 13.
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Cluster 1 includes 46 funds with a combined 
AUM of USD 37.9 billion. Funds within the 
Cluster 1 are more pro-cyclical in profile, 
due to exposure to long equity beta and long 
equity volatility risk premia factors.  These 
exposures result in equity market exposure 
with a carry like profile, at the expense of 
negative convexity.  There doesn’t appear 
to be any significant alpha contained within 
this cluster, as shown by the small amount 
of residual risk.

CLUSTER 1

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark 0.38 4.95 37,877.7

JPMorgan Hedged Equity R6 0.71 7.32 17,593.0

JNL/JPMorgan Hedged Equity I 0.67 7.03 680.8

AB Select US Long/Short I 0.65 7.45 1,744.8

Ironclad Managed Risk 0.56 5.64 111.0

Easterly Hedged Equity I 0.51 5.24 53.1

Innovator S&P 500 Buffer ETF October 0.50 7.48 93.5

Waycross Long/Short Equity 0.50 7.31 94.1

Soundwatch Hedged Equity Instl 0.49 7.44 100.3

First Trust Long/Short Equity ETF 0.49 6.40 471.2

Swan Defined Risk Growth I 0.46 7.01 112.6

Correlation against Benchmark

Minimum Average Maximum

0.62 0.94 0.98

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate

18



• High average 0.94 correlation coefficient 
with the cluster benchmark

• Very High average R-Squared at 92%

• Limited Equity Style Factors Exposure 
with only slight short Equity factor

• Key differentiator within the cluster is 
the level of the Equity Beta

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)

Regression R2 (%)

Beta Dispersion
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Cluster 2 includes 28 funds with a 
combined AUM of USD 22.3 billion. Funds 
within Cluster 2 have an emphasis on 
long equity momentum (growth) and size 
factor exposures, and short exposures 
to equity value and low volatility.  These 
factor exposures have done particularly well 
during the interest rate cuts and stimulus 
response in and after the Covid-19 shock, 
as the cluster generated the highest risk 
adjusted returns over the 3yr period.  More 
recently, this cluster has been challenged 
with the rise in interest rates and inflation 
expectations.  There doesn’t appear to be 
any significant alpha contained within this 
cluster.

CLUSTER 2

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark 0.46 4.99 22,334.5

OnTrack Core Investor 1.77 9.49 121.4

Spectrum Low Volatility Investor 1.41 8.01 306.5

Anchor Risk Mgd Equity Strategies Instl 0.88 9.79 353.8

Neuberger Berman Long Short Instl 0.75 6.99 5,218.0

Toews Hedged U.S. Fd 0.73 8.78 124.6

Guggenheim Multi-Hedge Strategies P 0.73 4.30 106.1

EV Risk-Mgd Divers Equity Inc 0.53 5.63 586.6

Cromwell Marketfield L/S I 0.52 8.77 152.2

JPMorgan Research Market Neutral A 0.49 3.16 123.6

Alger Dynamic Opportunities A 0.47 7.40 604.9

Correlation against Benchmark

Minimum Average Maximum

0.40 0.76 0.92

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• High average 0.76 correlation with the 
cluster benchmark

• High average R-squared at 70%

• Strong positive performance contribution 
of the short position on Low Vol and 
Value factors before July 2021

• Significant dispersion within the cluster 
for exposure to Size and Momentum 
factors

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)
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Cluster 3 includes 19 funds with a combined 
AUM of USD 6.1 billion. Cluster 3 funds 
are primarily quantitative equity factor 
funds, with long exposures to equity value, 
momentum, and low volatility and a low 
to moderate net long exposure to global 
equities.  Due to the lower risk to equity 
markets, the style equity factors have a 
relatively larger weight than in other equity 
oriented clusters.  There is also a high 
dispersion within this cluster in exposure to 
equity quality and size, while the residual 
alpha exposure is higher than other clusters.

CLUSTER 3

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark 0.28 3.68 6,085.4

Vanguard Market Neutral I 0.77 5.45 381.7

Federated Hermes MDT Market Neutral Ins 0.65 9.02 76.2

FS Multi-Strategy Alternatives I 0.61 3.59 307.4

Boston Partners Global Long/Short Instl 0.60 8.99 117.5

AQR Long-Short Equity I 0.52 8.48 431.2

Boston Partners Long/Short Equity Instl 0.44 9.16 66.0

Boston Partners Long/Short Rsrch Instl 0.38 6.09 772.7

BlackRock Allocation Target Shrs Ser P 0.36 2.33 51.8

Franklin Global Market Neutral IS 0.35 2.21 83.6

Multi-Manager Directional Alt Strat Inst 0.34 4.65 268.4

Correlation against Benchmark

Minimum Average Maximum

0.43 0.74 0.95

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• High average 0.74 correlation with the 
cluster benchmark

• High average R-squared at 72%

• Equity Value is the dominant factor in 
terms of performance and variance over 
the period

• Significant alpha can also be measured 
during Covid recovery

• Size exposure is generally towards 
large caps with few small caps 
implementations

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)
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Cluster 4 includes 42 funds with a combined 
AUM of USD 93.1 billion, making it the 
largest cluster in terms of size. Funds within 
Cluster 4 have a high exposure to credit 
markets and some fixed income duration 
beta, as these alternative funds have an 
emphasis towards income generation.  
These exposures resulted in a fairly sizable 
left tail during the 2020 Covid-19 shock, 
and a strong rebound subsequently as a 
response to the Fed’s explicit support for 
the corporate credit market.

CLUSTER 4

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark 0.23 1.35 93,110.9

Dunham Long/Short Credit Fund Class N 1.30 2.64 239.9

Eaton Vance Glbl Macro Abs Ret Advtg I 0.49 3.44 1,692.0

T. Rowe Price Multi-Strategy Ttl Ret I 0.49 2.61 377.0

Water Island Credit Opportunities I 0.47 2.25 139.8

Eaton Vance Glbl Macr Absolute Return I 0.45 2.04 2,115.8

Virtus Westchester Credit Event Fd I 0.45 5.78 52.3

Manning & Napier Unconstrained Bond S 0.43 1.61 773.0

Destinations Multi Strategy Alts I 0.37 3.63 1,254.2

BlackRock Strategic Income Opps Instl 0.37 1.69 44,694.7

JPMorgan Strategic Income Opports R5 0.37 0.91 9,325.3

Correlation against Benchmark

Minimum Average Maximum

0.65 0.88 0.97

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• High average 0.88 correlation with the 
cluster benchmark

• High average R-squared at 79%

• Relatively concentrated factor exposure 
to credit and FICC factors

• Exposure to Equity Beta factor can be 
interpreted as an exposure to High Yield 
markets

• Trend has been a key driver of their 
performance

• The residual alpha positive performance 
contribution has disappeared in 2022

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)

25



Cluster 5 includes 29 funds with a combined 
AUM of USD 19.0 billion. This selection of 
funds contains long commodity, equity 
and credit market beta, despite less credit 
exposure when compared to cluster 4.  
These funds are more diverse across style 
factors as well, particularly in momentum, 
size and value.  This diversification across 
factors is the result of these funds being 
multi-strategy funds or linked to hybrid 
sectors.

CLUSTER 5

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark -0.17 -1.21 19,032.9

BrandywineGLOBAL Alternative Credit A 0.20 1.71 209.5

PGIM Absolute Return Bond Z 0.14 0.96 1,100.2

Blackstone Alternative Multi-Strategy I 0.03 0.23 5,136.4

Putnam Mortgage Opportunities I 0.03 0.27 190.1

ProShares Investment Grade—Intr Rt Hdgd 0.03 0.30 690.6

IQ Merger Arbitrage ETF 0.02 0.14 591.7

AlphaSimplex Global Alts Y 0.01 0.05 291.5

Dunham Monthly Distribution A 0.00 0.01 247.4

Voya Strategic Income Opportunities I 0.00 -0.02 2,397.0

Putnam Fixed Income Absolute Return Y -0.08 -0.42 415.3

Correlation against Benchmark

Minimum Average Maximum

0.40 0.76 0.94

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• High average 0.76 correlation with the 
cluster benchmark

• High average R-squared at 70%

• Very mixed factor exposures within the 
cluster across Equity and Credit markets

• The residual alpha exposure reversed 
from a positive performance contributor 
to a negative one in 2022

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)
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Cluster 6 includes 60 funds with a 
combined AUM of USD 101.6 billion. Cluster 
6 contains more defensive relative value 
multi-strategy funds with an emphasis on 
classic public market arbitrage strategies, 
including merger and convertible bond 
arbitrage and momentum CTA trading.  
These relative value trades have some latent 
equity market and credit beta exposures, 
which are present alongside carry factor 
exposures.

CLUSTER 6

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark 0.53 3.58 101,607.4

NexPoint Merger Arbitrage Z 2.99 6.16 1,009.5

First Trust Merger Arbitrage Cl I 1.33 3.82 1,467.5

Absolute Convertible Arbitrage Instl 1.31 3.59 723.0

Abbey Capital Multi Asset I 1.26 16.70 200.7

AQR Diversified Arbitrage I 1.13 9.57 1,391.1

Westwood Alternative Income Ultra 0.92 3.68 151.6

WSTCM Credit Select Risk Managed Instl 0.92 3.81 93.6

Counterpoint Tactical Income I 0.90 3.65 850.4

FPA Flexible Fixed Income 0.88 1.62 746.6

Redwood Systematic Macro Trnd (SMarT) I 0.86 11.13 194.5

Correlation against Benchmark

Minimum Average Maximum

-0.14 0.68 0.96

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• High average 0.68 correlation with the 
cluster benchmark

• Average R-squared at 68%

• Relatively stable exposure towards 
Equity Beta, Equity Size and FICC factors 
over the period

• Increased exposure on Trend factors 
versus decreased exposure on Equity 
Beta after 2021

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)
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Cluster 7 includes 23 funds with a combined 
AUM of USD 23.8 billion. These funds fit the 
typical multi-asset momentum, CTA profile, 
with exposures to broadly diversified, multi-
asset momentum factors.  On average, 
these funds have suffered slightly during 
the Covid-19 shock of March 2020 but 
participated meaningfully in the rebound 
and the inflationary environment of 2021 
by trading profitable trends in currencies, 
interest rates and commodities.  Over 
the past year, these funds have been a 
particularly useful source of diversification 
to risk assets, as inflationary pressures have 
resulted in central banks tightening which 
has knock on impacts on risk asset pricing.

CLUSTER 7

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark 0.89 9.37 23,759.2

PIMCO TRENDS Managed Futures Strat Instl 1.42 14.80 3,214.2

GuidePath® Managed Futures Strat Instl 1.39 18.79 288.7

AlphaSimplex Mgd Futs Strat Y 1.31 17.81 2,288.4

Campbell Systematic Macro I 1.23 12.25 292.0

Abbey Capital Futures Strategy I 1.16 9.58 2,147.1

Fulcrum Diversified Abslt Ret Spr Instl 1.12 6.63 143.7

T. Rowe Price Dynamic Global Bond Inv 1.09 4.91 4,830.1

LoCorr Long/Short Commodity Strats I 1.04 7.44 1,144.9

Grant Park Multi Alternative Strats I 1.02 6.55 664.0

LoCorr Macro Strategies A 0.98 8.10 1,863.0

Correlation against Benchmark

Minimum Average Maximum

-0.09 0.70 0.95

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• High average 0.70 correlation with the 
cluster benchmark

• Average R-squared at 68%

• Trend is dominating factor exposure 
within the cluster

• Net long commodity exposure can also 
be captured for some funds

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)
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Cluster 8 includes 14 funds with a combined 
AUM of USD 2.6 billion. Cluster 8 contains 
funds which have historically been defensive 
over the past 3 year period.  This defensive 
orientation can be explained by long volatility 
and multi-asset value factors, which have 
been more than offset by the long equity 
market beta present in the funds within the 
cluster.  This has resulted in a profile which 
provided an immediate equity market hedging 
benefit during the Covid-19 shock of March 
2020, which then retraced after the broad 
market rebound.  There doesn’t appear to be 
any significant alpha contained within this 
cluster, which suggests the defensive profile 
was a result of strategic factor exposures.

CLUSTER 8

Minimum Spanning Tree

Cumulative Returns

Top 10 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark 0.25 2.86 2,604.1

AlphaCentric Premium Opportunity I 1.02 9.18 161.6

Hussman Strategic Growth 0.66 7.62 462.0

ABR Dynamic Blend Equity & Volatil Instl 0.54 10.32 237.7

Janus Henderson Abs Ret Inc Opports I 0.51 0.67 70.6

Arin Large Cap Theta Institutional 0.34 4.31 191.6

JHancock Absolute Return Currency NAV 0.33 3.21 530.1

Guggenheim Market Neutral Rel Est Instl 0.24 1.75 51.6

MFS Managed Wealth I 0.18 0.76 108.5

Nuance Concentrated Value L-S Invt 0.14 1.68 129.6

Meeder Tactical Income Retail 0.03 0.14 68.4

Correlation against Benchmark

Minimum Average Maximum

-0.08 0.30 0.79

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• Low correlation compared to the 
benchmark cluster at 0.30

• Low average R-squared at 39%

• Key differentiator for this cluster is the 
long protection exposure captured as a 
negative volatility factor

• Low R-Squared demonstrates a very 
mixed collection of idiosyncratic 
implementations

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)
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Cluster 9 includes 8 funds with a combined 
AUM of USD 2.6 billion. Funds within this 
cluster appear to be more oriented to fixed 
income market beta, and have meaningfully 
struggled, both from an absolute and risk 
adjusted return basis.  There does appear 
to be a bias towards the equity low volatility 
factor and multi-asset carry factors, but this 
doesn’t appear to have helped much, as the 
funds experienced much of the Covid-19 
market shock while not participating in the 
market rebound. 

CLUSTER 9

Minimum Spanning Tree

Cumulative Returns

Top 3-Year Sharpe Ratio* Sharpe Ratio* Return p.a. (%)
AUM 

(Million USD)

Benchmark -0.62 -4.09 2,606.8

AGFiQ US Market Neutral Anti-Beta -0.10 -1.76 123.1

GMO Alternative Allocation VI -0.23 -1.42 212.9

Allspring Alternative Risk Pre R6 -0.34 -2.50 55.3

Putnam Multi-Asset Absolute Return Y -0.42 -2.89 604.3

Vanguard Alternative Strategies Investor -0.55 -4.97 108.9

Correlation against Benchmark

Minimum Average Maximum

0.19 0.53 0.72

Source: Morningstar as of June 2022 
*Sharpe ratios are calculated using a 0% risk free rate
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• There is a relatively low average 
correlation compared to the cluster 
benchmark at 0.53

• Low average R-squared at 49%

• Mixed exposure to Equity Style factors 
with no exposure to Equity Beta

• Very limited exposure to Trend factors

• Negative performance contribution from 
Fixed Income Beta in 2022

Regression R2 (%)

Beta Dispersion

Rolling Return (1-Year)

Rolling Risk Contribution (1-Year Variance)
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Conclusion4



The introduction of US Liquid Alternative Funds has significantly expanded the universe of 
investment choices available. The diversity of risk profiles has provided a range of alternatives 
to traditional long-only funds. The quantitative framework implemented in this paper provides 
a unique insight into this diversity and, most importantly, allows the risk profiles’ main risk and 
performance drivers to be quantified through Premialab’s fully cross-asset factor model. This 
granular decomposition is then applied to individual fund benchmarking and to cluster the 
universe into nine distinct subgroups.

A key observation in this analysis is the clear distinction between predominantly long equity 
risk clusters (clusters 1-3), neutral clusters (clusters 4-6) and defensive clusters (cluster 7 and 
8). The Premialab factor model represented by the 47 Pure Factors provides further insights 
into each implementation's risk decomposition and captures a significant 72% of the variance 
of the universe, thus demonstrating its relevance.

The residual performance of each fund on top of the explained systematic factors is a key 
outcome of this study. This metric has gained significant popularity across managers to assess 
the persistence of the uncorrelated alpha generated by their investment process. Similarly, 
asset owners are using this metric to better allocate across different strategies and to 
construct a balanced portfolio.

This research study can be further refined by monitoring the consistency of the factor 
decomposition and by tracking potential investment style drift across clusters. Periodic 
reports can be implemented with out-of-sample analysis and rolling regression techniques to 
capture such information dynamically.
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Premialab is an independent platform providing data, analytics, and risk 
solutions on systematic, factor, and multi-asset strategies in collaboration 
with leading investment banks and institutional investors globally. Combining 
intelligent technology with a unique source of information, the platform 
empowers asset allocators to make better investment decisions while 
achieving the utmost time and cost-efficiency.

With offices in Paris, London, New York, Hong Kong, and Stockholm, the group 
has established strong partnerships with the top 17 investments banks, global 
asset managers, pensions funds & insurance companies.

At the heart of the Premialab platform is a living database of thousands of 
quantitative investment strategies (QIS) supplied and updated daily from 
seventeen leading investment banks. Using this database of investable 
strategies covering a wide range of styles, asset classes, and geography, 
Premialab has developed a unique factor model. Using a rigorous, three-step 
statistical process, we capture the consensus implementation of each type of 
strategy while eliminating disruptive noise and model- specific idiosyncrasies. 
The Premialab Pure Factors® framework, comprising forty-seven Pure Factors 
across asset classes, and regions, provides an independent benchmarking 
toolkit for systematic investors engaged in return-seeking, outcome-oriented, 
or defensive investment objectives.

About Premialab

About Premialab Pure Factors®
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At the heart of the Premialab platform is a living database of thousands of quantitative 
investment strategies (QIS) supplied and updated daily from seventeen leading investment 
banks. Using this database of investable strategies covering a wide range of styles, asset 
classes, and geography, Premialab has developed a unique factor model. Using a rigorous, 
three-step statistical process, we capture the consensus implementation of each type of 
strategy while eliminating disruptive noise and model specific idiosyncrasies. The Premialab 
Pure Factors® framework, presented by Trecourt (2022), comprising forty-seven Pure Factors 
across asset classes, and regions, provides an independent benchmarking toolkit for 
systematic investors engaged in return-seeking, outcome-oriented, or defensive investment 
objectives.

The Pure Factors® have been constructed across 7 risk factors (Carry, Low Volatility, 
Momentum, Quality, Size, Value, Volatility), 5 asset classes (Commodity, Credit, Equity, Fixed 
Income, Foreign Exchange) and 4 regions (Emerging, Europe, Global, US).

Carry strategies are designed to take advantage of the outperformance of higher 
yielding assets over lower yielding assets. They are adopted by investors across 
most asset classes, but especially popular in currencies and fixed income.

Carry Backwardation takes advantage of demand-supply dynamics by taking 
long positions in more backwardated commodities and short positions in less 
backwardated commodities.

Carry Congestion strategies aim to capture the congestion premium caused by the 
rolling behaviour of commodity future contracts over different time periods.

Low Volatility strategies buy into low volatility assets to capture their potential 
overperformance in the long term.

Momentum refers to systematic strategies exploring the persistence of relative 
outperformance /underperformance across a set of assets, by comparing their 
momentum versus each other (Cross-Sectional Momentum).

Carry

Carry Backwardation

Carry Congestion

Low Volatility

Momentum

Appendix 1: Factor Description
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Intraday trend strategies aim to capture intraday momen-tum by being long on 
assets on an upward trend and short on assets on a downward trend within a 
trading day.

Trend strategies aim to capture the price momentum by being long on assets on 
an upward trend and short on assets on a downward trend.

Quality strategies are designed to buy assets that have high quality fundamentals. 
Quality is measured as the consistent ability to generate strong future cash flows 
and can be assessed from various perspectives including profitability, operating 
efficiency and balance sheet strength.

Strategies that aim to take advantage of the size factor, which is the expectation 
that smaller size equities tend to outperform over the long term. Size is measured 
by market capitalisation of the equity.

Value strategies are designed to buy assets that are undervalued (cheap) versus 
the overall market according to a valuation model. Asset fair values are based on 
economic and fundamental indicators, including corporate metrics such as book 
value, cash flows, earnings, levels of debt, etc.

Volatility strategies aim to capture the Volatility premium, referred to as the long 
term positive average spread between implied and realised volatility (Variance).

An emphasis is placed on factor independency through cross-sectional consideration on the 
Pure Factors® dataset. Evidence in Figure 14 displays the uncorrelated behavior of these in the 
long-term correlation matrix.

Momentum Intraday Trend

Momentum Trend

Quality

Size

Value

Volatility
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Figure 14: 3-Day Correlation Matrix of All Pure Factors | Jul 2008 - Jul 2021 | Source: Premialab.
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Clustering is the task of finding patterns and similarities in a population of seemingly random 
data. Clustering divides the population into different groups such that members of the same 
group are more alike each other than members of other groups. This grouping happens 
without any prior information about the outcome. The algorithm identifies patterns within the 
dataset by itself. This type of learning is known as unsupervised learning.

As mentioned above, the clustering algorithm merges two “closest” clusters to form a bigger 
one. The decision behind which clusters to merge lies with the linkage algorithm. In other 
words, the clustering algorithm uses a particular linkage method to determine the similarity 
between clusters/data points.

From a host of linkage algorithms, the one used in this project is called Ward Linkage[3]. This 
method defines the similarity between two clusters based on the increase in the Sum of 
Squares Error (SSE). According to ward algorithm, two clusters are the most similar if the 
increase in SSE after merging is minimum. The algorithm seeks to minimize the increase in 
SSE after merging.

There are multiple clustering models, such as centroid, connectivity, distribution, density 
models etc. In this white paper, we use a connectivity model called Hierarchical Clustering. A 
common clustering model, hierarchical clustering forms groups of data points iteratively until 
a desired level of dissimilarity between groups is achieved.

The iterative grouping of funds can take place in two ways:

• 1. Top-Down – Divisive Clustering

• 2. Bottom-Up – Agglomerative Clustering

The top-down approach begins with considering all data points (in this paper, all US liquid 
alternative funds) as a part of one big cluster followed by iteratively dividing the cluster to 
form smaller ones.

On the other hand, the bottom approach does the opposite. Here, all data points are first 
considered to be a part of separate clusters i.e., n clusters for n data points. The algorithm 
then iteratively merges two clusters together which are supposed to be the most similar in 
order to form a bigger one.

In our project, we use the latter: Agglomerative Clustering[2].

Clustering

Ward Linkage

Hierarchical Clustering

Appendix 2: Definitions

43



Where,

𝑥i is the distance of the 𝑖th member of the cluster from the cluster centroid, 
𝑥 is the centroid (the mean vector)

Using the above equation, the objective of ward linkage can be mathematically defined as:

Where,

𝑑(𝑥,𝑦) is the Euclidean distance between two data vectors 𝑥 and 𝑦

𝑥𝑖 is the 𝑖th element of vector 𝑥 
𝑦𝑖 is the 𝑖th element of vector 𝑦

In the context of this project, x and y can be thought of as two funds. Each fund is described 
as a vector of beta values. The distance between two funds would then compare the beta 
values of each fund against the factors.

Where,

SSE(X,Y) is the SSE of larger cluster after merging clusters X and Y

min{SSE(X,Y) - [SSE(X) + SSE(Y)]}

The SSE is computed based on the distance between each element in the cluster and the 
cluster centroid. It is therefore apparent that the choice of distance metric used will in turn 
influence the final clusters. In this white paper, a popular distance metric called Euclidean 
Distance[1] is used.

Euclidean distance between two points is the length of the line segment joining the two 
points on a cartesian plane. Mathematically, in an n dimensional space, the Euclidean distance 
is described as:

Euclidean Distance

𝑑(𝑥,𝑦) = ∑𝑖=1 (𝑥𝑖 - 𝑥)2n

SSE(A) = ∑𝑖=1 (𝑥𝑖 - 𝑥)2n

The SSE of a cluster A with n elements is defined as:
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Appendix 3: Regression Example 1 Boston Partners Long/Short Rsrch Instl 

Regression 
Coefficient

P-value Return P.A. 
Attribution

Return P.A. 
Proportion

Variance 
Attribution

Variance 
Proportion

Residual 3.45% 34.27% 3.45% 54.73% 0.34% 13.73%

Equity US Value 
Equity | Value | Pure Factor

0.84 0.00% -1.83% -28.98% 0.37% 14.99%

S&P 500 USD TR 
Equity | USD Net TR | Benchmark

0.57 0.00% 6.06% 96.25% 1.70% 68.48%

Equity Global Quality
Equity | Quality | Pure Factor

-0.45 1.30% 0.12% 1.88% 0.03% 1.34%

Equity US Low Vol 
Equity | Low Vol | Pure Factor

0.38 0.00% -1.57% -24.90% 0.14% 5.54%

Equity US Momentum 
Equity | Momentum | Pure Factor

0.23 0.00% -1.21% -19.14% -0.03% -1.18%

Equity Global Size 
Equity | Size | Pure Factor 

-0.42 1.80% 1.27% 20.17% -0.07% -2.91%

28-06-2019 to 30-06-2022
Time Period

Regression Track

Rolling Beta Rolling Return Attribution

Cumulated Residual Out of Sample Track
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Appendix 4: Regression Example 2 American Beacon AHL Mgd Futs Strat R5 

Regression 
Coefficient

P-value Return P.A. 
Attribution

Return P.A. 
Proportion

Variance 
Attribution

Variance 
Proportion

Residual 2.84% 29.46% 2.84% 32.80% 0.19% 22.24%

Commodity Global Trend 
Commodity | Momentum | Pure Factor

0.79 0.00% 4.96% 57.28% 0.29% 33.94%

Equity Global Trend 
Equity | Momentum | Pure Factor

0.75 0.00% -1.40% -16.15% 0.13% 15.63%

FX Global Trend 
Foreign Exchange | Momentum | Pure Factor

0.69 0.00% 0.88% 10.18% 0.18% 20.65%

Fixed Income Global Trend 
Fixed Income | Momentum | Pure Factor

0.67 0.00% 1.38% 15.89% 0.06% 7.54%

28-06-2019 to 30-06-2022
Time Period

Regression Track

Rolling Beta Rolling Return Attribution

Cumulated Residual Out of Sample Track
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Disclaimer

This document is provided by PremiaLab HK Limited (“Premialab”) and is restricted to Professional Investors as defined in the Terms 
and Conditions of www.Premialvab.com. Premialab is providing access to documents and information regarding financial instruments 
or securities. Premialab is not related, nor associated to any of these instruments. Please refer to the corresponding sponsor or 
issuer for further information. The information contained herein are derived from proprietary models based upon well-recognized 
financial principles and from data that has been obtained from external sources believed reliable. However Premialab and any external 
information provider, disclaim any responsibility for the accuracy of estimates and models used in the calculations, any errors or 
omissions in computing any performance and statistic information. Premialab does not accept any liability whatsoever for any direct 
or consequential loss arising from any use of the information provided. Performance and statistic information is provided in this 
document solely for informational purposes and should not be interpreted as an indication of actual or future performance. This 
document does not constitute an offer, recommendation or solicitation for the purchase or sale of any particular financial instrument 
or any securi- ties. Premialab does not provide legal advice or tax advice or investment advice nor does Premialab give any investment 
recommendation or financial analysis. Premialab does not provide legal advice or tax advice or investment advice nor does Premialab 
give any investment recommendation or financial analysis. Premialab is not an investment adviser, and is not registered with the United 
States Securities and Exchange Commission or any state regulator. Premialab is not a registered Broker-Dealer in the United States and 
is not regulated by the Financial Industry Regulatory Association (“FINRA”).

This document and all of the information contained in it, including without limitation all text, data, graphs, charts (collectively, the 
“Information”) is the property of Premialab. The Information may not be modified, reverse-engineered, reproduced or re-distributed 
in whole or in part without prior written permission from Premialab. Limited extracts of information and/or data derived from the 
Information may be distributed or redistributed provided this is done infrequently in a non-systematic manner and attributed to 
Premialab with hyperlink reference to www. premialab.com.

Without limiting any of the foregoing and to the maximum extent permitted by applicable law, in no event shall Premialab have any 
liability regarding any of the Information for any direct, indirect, special, punitive, consequential (including lost profits) or any other 
damages even if notified of the possibility of such damages. The foregoing shall not exclude or limit any liability that may not by 
applicable law be excluded or limited, including without limitation (as applicable), any liability for death or personal injury to the extent 
that such injury results from the negligence or willful default of itself, its servants, agents or sub-contractors.

Information containing any historical information, data or analysis should not be taken as an indication or guarantee of any future 
performance, analysis, forecast or prediction. Past performance does not guarantee future results. The Information should not be relied 
on and is not a substitute for the skill, judgment and experience of the user, its management, employees, advisors and/or clients when 
making investment and other business decisions. All Information is impersonal and not tailored to the needs of any person, entity or 
group of persons. Premialab Pure Factors® are not invest- ible indices, nor are they a guarantee of future results, the Premialab Pure 
Factors® are for informational purposes only, and should not be construed to be investment advice. They should also not be an offer 
or recommendation to buy or sell any investment a reason to participate in any investment strategy.

Neither any Morningstar company nor any of its information providers can guarantee the accuracy, completeness, timeliness, or 
correct sequencing of any of the information on this website, including, but not limited to, information originated by any Morningstar 
company, licensed by any Morningstar company from information providers, or gathered by any Morningstar company from other 
third-party sources (e.g., publicly available sources). There may be delays, omissions, or inaccuracies in the information. © Copyright 
2021 Morningstar, Inc. All rights reserved.

© 2022 Premialab. All Rights Reserved.

For more information, please visit www.Premialab.com or contact:
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