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Introduction

In a typical factor investing process, factor models feature heavily in alpha generation, risk management and
performance attribution. A number of problems can arise from the discrepancies in the specification of factor
models used in different stages of the factor investing process. Practical constraints faced by portfolio managers
further complicate the matter.

Solution to these problems lies in customized risk modelling which augments generic risk models with return
factors that are used in alpha generation, complements fundamental risk models with Principal Component
Analysis, and applies suitable look-back period and weighting scheme that reflect the investment horizon and
opportunity set of the factor investing strategy.

We first highlight the problem arising from the misalighment of return and risk factors with a mathematical
representation of a typical optimization framework. To illustrate the point empirically, a case study on ex-ante
risk decomposition is followed by a simulation of our Value strategy spanning more than 25 years of history.

Next we show the benefit of optimizing Momentum portfolio with risk model based on Principal Component
Analysis, which is more adaptive to shifts in market regimes and results in tighter match between ex-ante and ex-
post risk in simulation.

When it comes to deciding on the horizon and relative importance of historical data in estimating risk, we argue
that they need to be customized to reflect the building blocks of the investment thesis. Comparing to optimization
using generic risk models, a customized risk model with long-term look-back helps preserve the alpha of a Low
Volatility portfolio that would otherwise have been completely eaten away by transaction costs.

Another area of customization lies in the weighting scheme used in Weighted Least Squares regressions that
estimate factor returns. We propose a liquidity weighting scheme which origins from practical portfolio
construction constraints and more realistically proxies for the theoretical weights to be used in the regression.

With theory backed by empirical evidence, we believe customized risk modelling offers practical solution to
improve efficiency in factor portfolio construction.

Factor Alignment Problems

Misalighment in factor specification

In portfolio construction, the optimizer trades off between risk and return by rewarding a stock’s exposure to
return factors and penalizing its contribution to risk. While most off-the-shelf multi-factor equity risk models have
a wide range of style factors on top of market and industry factors, the specification of factors is usually different
from that of the return factors used in alpha generation. Such a misalignment of factors is particularly problematic
for factor investing strategies as it induces the optimizer to adversely exploit inconsistencies between the alpha
and risk models, thereby compromising the efficiency of the resulting portfolios.

As summarized by Ceria et al. (2012) and Saxena and Stubbs (2015), if a portion of systematic risk exposure of the
portfolio is inadequately captured by the risk model, then the resulting portfolio cannot be expected to be optimal
ex-post. Examples of factor alignment problems include risk underestimation of optimized portfolios, undesirable
exposures to factors with hidden and unaccounted systematic risk and consistent failure in achieving ex-ante
performance targets.

For example, Lee and Stefek (2008) showed that the optimizer takes unintended bets by loading up on the
difference between the definition of alpha and risk factors. When the momentum factor is constructed using price
momentum from month T-13 to T-1 but the momentum factor in the risk model used past 12-month price
momentum, the optimizer sees return but no factor risk in month T-13 and places a large bet. On the other hand,
it sees factor risk but no return for month T-1 momentum and places a negative bet here. The combination of
these two effects distorts the investment thesis.

To mitigate the problem of misalignment in factor specification, we replace a number of style factors in a generic
Axioma fundamental risk model with our return factors such as Value, Quality, Momentum and Low Volatility.
Now, this customized fundamental risk model consists of 3 types of factors. The first type is return factors that



are exactly the same ones to which the optimizer tries to maximize exposures. They are followed by other style
factors from Axioma that are not part of alpha generation. Lastly we have other risk factors from the generic
Axioma fundamental risk model, such as country and industry factors. The latter two types of factors are risk
factors in the customized risk model as we assume they don’t have expected alpha.

Optimization in the presence of return and risk factors

Here we illustrate why an optimizer using risk model that doesn't include return factors fails to control for factor
risk.

Without differentiating between return and risk factors, an unconstrained optimization can be specified as:
max(XTa)T w — 0.5AwTZw, where X is the factor exposure matrix, a is a vector representing the expected alpha
of factorS, w is portfolio weights, A is risk aversion parameter, and X is the asset covariance matrix.

The optimal weight w* can be solved as: w* = %Z‘lXTa, which can be understood as a stock's exposure to alpha
scaled down by its risk.

The above representation of portfolio construction is overly simplistic. Not every factor that helps explain stock
return variance is expected to earn alpha. In fact, most factor strategies only aim to harvest alpha from a small
number of return factors. Now we define the first j factors in a factor model as pure risk factors that do not have
expected alpha and the next k factors as return factors that have expected alpha, such that the first j elements
of the a vector are all zeros, and the rest k elements are positive.

Then let's consider two risk models for £. Under Model 1, £; = XTF, X + D;, where F, is the covariance matrix of
factors and D, is the diagonal matrix of stock specific return variance. Model 1 only uses the j risk factors to
estimate factor covariance though. Therefore, the j + k by j + k area of F, only has non-zero values for the top
left j by j area and the rest of its elements are 0. Under Model 2 which uses both risk factors and return factors
to estimate factor covariance, X, = XTF,X + D, and all of the j + k by j + k area of F, is filled with factor
variance and covariance terms. It's worth noting that due to the different factor specification under Model 1 and
2, D, and D, are not exactly the same, but similar when the number of factors and assets are large.

Optimal weights under both models are: w* = %(XTFX + D) XTa .

However, since the factor covariance matrix F, under Model 1 is filled with zeros beyond the first j rows and
columns, and the a vector's first j elements are zeros, the optimal weights under Model 1 can be simplified to:
wi= %Dl_lXTa

Here we can see that under Model 1, optimal weights are exposures to alpha scaled down only by stock specific
risk D;. In other words, factor risk is not being penalized.

The optimal weights under Model 2 are:

wi = %(XTFZX +D,) ' XTa

Here, a stock's exposures to alpha are scaled down by both factor risk, as represented by XTF,X, and stock specific
risk D,.

So far we've seen that while in both cases the portfolios are constructed by selecting stocks with high ex-ante
risk-adjusted returns, Model 1 adjusts expected alpha only by stock specific risk and could lead to excessive
amount of factor risk in the portfolio. We show this point with empirical examples in the following sections.

Ex-ante risk case study

For a portfolio that is constructed using a generic risk model that doesn't include return factors, we observe that
it has high factor risk contribution when measured under a customized risk model that does include return factors.
Rerunning the optimization using the customized risk model leads to tighter control of factor risk.

The below table shows ex-ante risk predictions from the generic Axioma fundamental factor risk model (Generic
Model) and our customized fundamental risk model (Customized Model) on a Value portfolio that has been
optimized by the generic model versus Russell 3000 index. The generic model predicts active risk to be 1.25%,
which is the standard deviation of the predicted active return of the portfolio. The pie chart shows that in variance
terms, where 45% of that risk comes from factors and 55% comes from stock specific risk. A stock’s specific risk is
assumed to be uncorrelated with that of other stocks, and also uncorrelated with factor risks. However, given
that the generic model doesn't include our return factors, it is possible that some of the stock specific returns are
positively correlated to those return factors but the resulting covariance among stock specific returns and



covariance between stock specific returns and factor returns have not been accounted for under the generic
model. Putting the same portfolio through the lenses of our customized risk model results in higher active risk
prediction, which is now 75% driven by factor risk in variance terms.

Portfolio optimized using generic risk model
Risk Measured by Generic Model Customized Model
Active Risk 1.25% 1.77%
Active Factor Risk 0.84% 1.53%
Active Specific Risk 0.92% 0.89%
Active Factor Risk (% of Variance) 45% 75%
Active Specific Risk (% of Variance) 54% 25%

= Factor = Specific = Factor = Specific

Source: SEI, using data from MSCI, Axioma and Factset. Strategy Name: US All Cap Value. Universe: US All Cap
Equities. Risk model comparison as of 31 Dec 2019.

Let's not forget that the portfolio analyzed above, which we name as Portfolio 1, has been optimized using the
generic model. As illustrated in the previous section, the optimization rewards a stock’s exposure to return factors
and penalizes its contribution to risk. We suspect that in Portfolio 1, some exposures to return factors escaped
from penalization because these factors were not included in the generic model. Now we re-run the optimization
using the customized risk model. The resulting Portfolio 2 has lower active risk, with less risk coming from factors.
This highlights the problem stemming from misalignment in factor specification, where the generic model
underestimates risk and optimization using it as input produces riskier portfolio.

US All Cap Value 2019-12-31 Portfolio 1 Portfolio 2

Optimized by Generic Model Customized Model
Active Risk 1.77% 1.39%
Active Factor Risk 1.53% 1.14
Active Specific Risk 0.89% 0.80%
Active Factor Risk (% of Variance) 75% 67%
Active Specific Risk (% of Variance) 25% 33%

= Factor = Specific = Factor m Specific

Source: SEI, using data from MSCI, Axioma and Factset. Strategy Name: US All Cap Value. Universe: US All Cap
Equities. Risk model comparison as of 31 Dec 2019.



Ex-post risk analysis

While the previous section takes a snapshot of portfolio risk, the below simulation of how a Value strategy would
have been constructed that goes as far back as 1996 shows that using customized risk model in optimization
creates portfolios with more desirable ex-post characteristics. The first simulation of Value strategy optimized
using the generic risk model earns an annualized active return of 2.3% with 4.2% active return volatility, or ex-
post active risk over the entire simulation period. The second simulation using the customized risk model
containing the return factors managed to earn slightly higher annualized active return of 2.4 but is much less
volatile with annualized active risk only at 3.7%. More importantly, we see almost a 1/5 lift in the risk-adjusted
return which goes from 0.55 to 0.64, as measured by the Information Ratio, when we optimize using the
customized model instead of the generic model.

US All Cap Value 1996 - 2023 Portfolio 1 Portfolio 2

Optimized by Generic Model Customized Model
Annualized Active Return 2.3% 2.4%
Annualized Active Risk 4.2% 3.7%
Information Ratio 0.55 0.64

Source: SEI, using data from MSCI, Axioma and Factset. Universe: US All Cap Equities 1996 - 2023. Factor portfolios
are rebalanced monthly. Past performance is no guarantee of future results. Updated to 31 Jan 2023.

From the above table we have seen that optimization using the customized risk model generates lower ex-post
active risk over the long term than that using the generic risk model. The gap in active risk became larger since
2019. A closer look into the active factor exposure to one of the main target factor, Stable Value, explains the
reason. While the two portfolios had similar ex-ante active exposure to Stable Value for most of the simulation
period, Portfolio 2 became less exposed to Stable Value from 2019 to 2021. This happened because the customized
risk model used by Portfolio 2 observed that the Stable Value factor had gone through a volatile period, updated
its risk forecast and hence enabled the optimizer to reduce allocation to stocks with exposure to this factor. The
generic model on the other hand, doesn't include this particular Stable Value factor and was unable to make the
optimizer reduce its tilt towards the factor. As the Stable Value factor continued to underperform over the next
2 years, the portfolio optimized by the customized model absorbed less loss from the factor thanks to its lower
exposure than the one optimized by the generic model.
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Source: SEI, using data from MSCI, Axioma and Factset. Universe: US All Cap Equities 1996 - 2023. Factor portfolios
are rebalanced monthly. Factor returns are calculated as the total return difference between stocks in the top
quintile of factor scores and stocks in the bottom quintile. Tax and transaction cost are not included in return
calculation. Past performance is no guarantee of future results. Updated to 31 Jan 2023.



Model-risk diversification

We also need to be pragmatic to acknowledge that however careful we or third parties build a fundamental risk
model, it may still from time to time fail to capture latent factors that may be transient or not directly connected
to current or historical fundamental characteristics of stocks. A solution to this problem is to use a Principal
Component Analysis (PCA) model to complement the customized fundamental risk model.

Elton and Gruber (1994) provides a comprehensive discussion of the techniques and characteristics of a PCA model.
Unlike the fundamental model which has a pre-specified set of factors, the factors, factor returns, and factor
exposures are solved for simultaneously under a PCA model and re-estimated independently for each model
update. This feature makes PCA model more adaptive to market conditions.

As well as being more capable of capturing the impact from short-term market trend, PCA models also have the
advantage of reducing estimation error. Take the simplest form of PCA model, the CAPM as an example. Each
asset's market beta is estimated in the time-series independently. While some beta estimates may be overstated
and some may be understated, estimation errors can be diversified away once beta estimates are grouped together
to calculate portfolio beta, or risk.

Here we have another simulation example for a Momentum strategy in US All Cap universe between 1996 and
2003. Alongside the customized fundamental risk model, we ran another simulation using a PCA model. Other than
observing that the portfolio optimized by the PCA model generated higher risk-adjusted return (Information
Ratio), we can see from the ex-ante active risk comparison chart that it has had higher ex-ante active risk than
the one optimized by the fundamental model. The gap in ex-ante active risk is bigger at times when the market
experienced extreme volatility, such as when the dot com bubble burst in early 2000's, during the Global Financial
Crisis in 2008, and since COVID-19 broke out in 2020.

A decomposition of ex-ante active risk suggests that the gap is driven by the higher factor risk contribution in
Portfolio 2. In periods of market regime shifts, the PCA model is better at identifying the true driving forces of
the market. The optimizer using PCA model penalizes exposures to such forces rather than the return factors. The
fundamental model on the other hand thinks that return factors have become more volatile, which the
consequence rather than the causes of market volatility. The optimizer using fundamental model then increases
penalties to exposures to return factors and results in portfolios with less ex-ante active risk. In out-of-sample
test, we compare ex-ante active risk and 2-year rolling realized active return volatility (ex-post active risk) for
the two portfolios. The ratio of ex-post active risk over ex-ante risk is much closer to 1 from Portfolio 2 which has
been optimized by the PCA model.

US All Cap Momentum 1996 - 2023 Portfolio 1 Portfolio 2

Optimized by Customized Fundamental Customized PCA
Annualized Active Return 3.0% 3.6%
Annualized Active Risk 3.0% 3.3%
Information Ratio 1.02 1.07
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Active Risk Decomposition: Factor Risk as % of Variance
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Source: SEI, using data from MSCI, Axioma and Factset. Universe: US All Cap Equities 1996 - 2023. Factor portfolios
are rebalanced monthly. Tax and transaction cost are not included in return calculation. Past performance is no
guarantee of future results. Updated to 31 Jan 2023.

Let's also not forget that the fundamental risk model already has an unfair advantage over the PCA model in back-
testing because factors of fundamental risk models are pre-specified. A fundamental risk model may do a good
job in back-testing using specification of risk factors that are known to us today but didn't exist in the past. Take
the Internet industry factor as an example. The industry did not exist in 1999, but it exists as a risk factor today.
Back-cast to 1999, it improves the performance of the risk model on the basis of hindsight knowledge that
internet/dot com was a large risk factor.



Misalignment in horizon

While return factors in alpha generation may experience periods of underperformance, they have been validated
over long history across different cycles and chosen for their timeless and universal properties. Risk models, on
the other hand, usually estimate volatility and correlations using relatively shorter historical returns data with
higher importance assigned to more recent observations. After a factor has experienced periods of elevated
volatility, an optimizer using generic risk models penalizes it more harshly than after periods of subdued volatility.

We believe that the choice of look-back period and half-life for the estimation of risk in a customized fundamental
risk model should be consistent with the horizon of alpha generation. Furthermore, the look-back period needs to
be representative enough for the forward investment horizon. Shall we really extrapolate the benign 2003 - 2006
period for Value into 2007 - 2010? Likewise, is 2019 - 2023 going to represent 2023 - 2026? Risk modeling is only
as good as the sample. Having a more recent sample does not mean a better sample.

Take the Low Volatility strategy as an example, where the optimizer is designed not to tilt towards any return
factors but only penalizes risk. In this case, factor specification is less of an issue but optimized portfolio has far
less turnover and stronger performance when risk is estimated with data over long term history than if it focuses
on short term relationship which is likely to be noisier. The below table shows simulated quarterly optimization
results coming from 3 different risk models. The first two models are Axioma generic risk models that have a 2-
year look-back for volatility and 4-year look-back for correlation estimation. The short term model has a 2-month
half-life for volatility estimation and 6-month for correlation estimation. The medium term model's half-life is
longer at 6-month and 1-year for volatility and correlation respectively. Our customized long term model which
is specifically used on Low Volatility strategies has much longer look-back as it utilizes data of the past 4 years
for volatility and 10 years for correlation. Its half-life is 1-year for volatility and 3-year for correlation.

Without imposing any turnover constraint, it is clear that the generic risk model focusing on short term and
medium term data results in much higher turnover than that of the simulation using customized model, which
benefits from the much more stable risk estimates from the customized model. It's worth noting that replacing
45% or 31% of a factor portfolio every quarter as required by the generic risk models is simply not practical to
implement. As for performance, while the models resulted in similar amount of active risk for the optimized
portfolios, the customized model that is more consistent with the investment thesis has much stronger active
return and risk-adjusted performance as measured by both Information Ratio and Sharpe Ratio. Assuming average
transaction cost (implementation shortfall + commission) in US equity markets to be 30 bps per trade, then the
portfolios optimized by the generic models wouldn't be profitable at all, while the one optimized by the long-
term customized model still beats the benchmark by 0.83% net of transaction cost.

%ngLf,a[gzeo(é%p Low Volatility Portfolio 1 Portfolio 2 Portfolio 3

Optimized by Short-Term Generic Mid-Term Generic Long-term Customized
Annualized Active Return -0.5% 0.4% 1.2%
Annualized Active Return (net) -1.51% -0.37% 0.83%
Annualized Active Risk 10.0% 10.4% 10.6%
Turnover (one-way, quarterly) 45% 31% 15%
Information Ratio -0.05 0.04 0.11

Sharpe Ratio 0.55 0.62 0.66

Source: SEI, using data from MSCI, Axioma and Factset. Universe: US All Cap Equities 1986 - 2023. Factor portfolios
are rebalanced quarterly. Returns shown in USD, gross of transaction costs and tax. Past performance is no
guarantee of future results. Updated to 31 Mar 2023.

Other than carefully choosing the horizon of history data to use in risk estimation, we also need to consider direct
measures that can be applied to improve consistency of optimization over time. Take an unconstrained mean-
variance optimization problem as example, the optimal portfolio weight is increasing in alpha exposure but
decreasing in risk. If risk estimates are volatile over time, optimal portfolio weights will be volatile even if stocks'
alpha exposures are stable. On the other hand, we still need the risk estimates to be dynamic as they convey
useful information of the market. To level the playground when trading off between stable factor exposures and
dynamic risk estimates, we can also adjust factor exposure by market volatility to make the trade-off consistent
across different market volatility regimes.



Misalighment between investment process
and performance attribution

A generic multi-factor model estimates factor returns from many periods of cross-sectional regression of stocks'
returns on stocks' factor exposures. Each period, such a regression also tells us how much of a stock’s return can
be attributed to each factor and how much remains unexplained, i.e. as stock specific return. Similar to the
problem that arises from misalignment in factor specification between alpha generation and risk modelling, not
including the same return factors in performance attribution leads to the result being misleading. Contribution
from exposures to return factors identified for alpha generation may be wrongly attributed to risk factors or left
in the unreasonably large stock specific returns.

Even if factor specification is aligned, we still have observed consistently big specific returns in portfolio return
attribution reports, which confirms the findings of Sanne de Boer (2012). This is mostly due to the misalighment
between how stock returns are weighted in alpha generation and ex-post factor return estimation regression.

Here we have two issues. Firstly, we propose that a new weighting scheme called liquidity weighting should be
used in alpha generation, as it more accurately represents the investment opportunity set faced by a long-only
portfolio manager. Then we demonstrate why empirically it is the better weighting scheme to use in cross-
sectional regressions that estimate factor returns.

Introducing the Liquidity Weighting Scheme

We know that a scheme that weights stocks by the square root of market capitalization is better than equal-
weighting that overstates the importance of small cap stocks and also better than purely market-cap-weighting
that will be dominated by the mega-cap stocks. However, it still doesn't truly reflect the investment opportunity
set in portfolio construction. A long-only equity mandate usually faces regulatory constraints on liquidity and
diversification, as well as self-imposed constraints on the size of trades and holdings. For most active managers,
there's little liquidity concern when buying large cap stocks. The required trading amount is usually fairly small
comparing to the average daily volume (ADV) of the stock. But in the small cap space, the liquidity constraint
kicks in and the max amount that one can buy becomes linearly decreasing in the stock's ADV or market cap.

Therefore, we find that a more realistic Liquidity Weighting Scheme should be a step function of a stock's market
capitalization. Any stock with a benchmark weight larger than a threshold should be considered “"large cap” and
equally weighted. Any stock below this threshold should be weighted by market cap. The below charts illustrates
the differences of these weighting schemes. The first one shows the whole spectrum of market caps of the Russell
1000 index, while the second and third charts zoom into the top 200 largest stocks and the rest of the index
respectively. We can clearly see that weighting by market cap gives large stocks higher weights and small stocks
smaller weights than equal-weighting. The widely used square-root of market-cap weighting offers a compromise
in between. The liquidity weighting scheme assigns equal weights to the largest 100 stocks and scales the rest of
the index by their market cap.

Comparing to square-root of market-cap weighting, liquidity weighting reduces the weights of the extremely large
and small stocks. This is beneficial from a portfolio construction perspective, otherwise our return factors would
either become effectively Mega Cap Tech factors under current market condition or distorted towards the very
small cap universe that is not really investable once the assets under management reaches a certain level.
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Source: SEI, using data from MSCI, Axioma and Factset. Universe: US Large Cap Equities as of 30 Nov 2022.



Liquidity weighting in Weighted Least Squares regression

When building a fundamental factor model, factor returns need to be estimated each period in a cross-sectional
regression of stocks' excess returns on their factor scores. Variances of the residuals of an Ordinary Least Squares
(OLS) regression are assumed to be the same across all stocks but they are not in reality, leading to the problem
of heteroskedasticity which causes the OLS estimator to be inefficient. Because of this, confidence intervals and
hypotheses tests cannot be relied on.

One common solution in theory is to use Weighted Least Squares (WLS) regression, where each observation is
weighted by the inverse of its residual variance, i.e., an observation with a larger residual variance has a smaller
weight and vice versa. Since residual variances are not known, as mentioned by Grinold and Kahn (1994),
practitioners in building factor risk models have been using the square-root of market-cap weights as a proxy for
the inverse of the residual variance.

However, liquidity weighting scheme provides an even closer proxy. In the below example, we first estimate
residual returns from equal-weighted cross-sectional regression of stocks' excess returns on their factor scores
monthly. Then we estimate each stock’s residual variance and take the inverse of it as its theoretical weight to
be used in a WLS regression.

The chart below shows the average of inverse of residual variance weights from the largest stock to the smallest
stock in the Russell 1000 index over time between 1998 and 2022. It's worth noting that while the inverse of
residual variance does decrease with market cap of the stock, there isn't much of a difference among the largest
100 stocks. This pattern is in contrast with those displayed in market cap weighting or square-root of market cap
weighting schemes but agrees with liquidity weighting scheme which equal weights the mega cap stocks. Not
surprisingly, liquidity weights have stronger correlation with inverse of residual variance weights than market cap
and square-root of market cap weights do.
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Portfolio performance attribution comparison

Here we conduct performance attribution on factor top decile portfolios using different weighting schemes in the
regressions that estimate factor returns. The total returns of these factor top decile portfolios are meant to be
most driven by factors once we strip out market returns. In most cases, liquidity weighting scheme results in the
smallest residual return when measured as a percentage of total return. The chart zooming into the top decile of
the Profitability factor shows that residual return from liquidity weighting scheme stayed closer to zero over long
period of time than that from the square-root of market-cap weighting scheme.

Residual Return as % of Total Return of Factor Top Decile Portfolios
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guarantee of future results. Updated to 31 Dec 2022.



Conclusion

While factor investing starts with factor research, we highlight the importance of aligning factor models used in
different stages of the investment process to its success. We propose several customized measures to be
implemented in portfolio construction and performance attribution processes.

Having demonstrated the factor misalignment problem in optimization, where the optimizer makes unintended
bet on return factors that are not included risk model, we propose using a customized fundamental risk model
which incorporates both return factors used in alpha generation and other risk factors from generic third-party
risk model to address the problem. We then discuss the benefits of adding risk input from a statistical model into
the optimization, before showing how aligning the risk-estimation horizon with that of the investment strategy
adds value. Individually, each of these customized measures helps improve risk-adjusted performance of the
factor strategies under consideration by 5-20% in our simulation. Retaining even a fraction of the combined
benefits would be a sizeable overall portfolio efficiency improvement.

Finally, weighting scheme used in the regressions by which we attribute returns to factors also plays an important
role in both alpha generation and performance attribution. We argue that a more realistic liquidity weighting
scheme should be used to more truthfully represent the investment opportunity set faced by a long-only active
mandate.
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This material represents an assessment of the market environment at a specific point in time and is not intended
to be a forecast of future events or a guarantee of future results. Positioning and holdings are subject to change.
All information as of the date indicated. There are risks involved with investing, including possible loss of
principal. This information should not be relied upon by the reader as research or investment advice, (unless you
have otherwise separately entered into a written agreement with SEI for the provision of investment advice) nor
should it be construed as a recommendation to purchase or sell a security. The reader should consult with their
financial professional for more information. Statements that are not factual in nature, including opinions,
projections and estimates, assume certain economic conditions and industry developments and constitute only
current opinions that are subject to change without notice. Nothing herein is intended to be a forecast of future
events, or a guarantee of future results. Certain economic and market information contained herein has been
obtained from published sources prepared by other parties, which in certain cases have not been updated through
the date hereof. While such sources are believed to be reliable, neither SEI nor its affiliates assumes any
responsibility for the accuracy or completeness of such information and such information has not been
independently verified by SEI.

The value of an investment and any income from it can go down as well as up. Investors may get back less than
the original amount invested. Returns may increase or decrease as a result of currency fluctuations. Past
performance is not a reliable indicator of future results. Investment may not be suitable for everyone. This
material is not directed to any persons where (by reason of that person's nationality, residence or otherwise) the
publication or availability of this material is prohibited. Persons in respect of whom such prohibitions apply must
not rely on this information in any respect whatsoever. The information contained herein is for general and



educational information purposes only and is not intended to constitute legal, tax, accounting, securities, research
or investment advice regarding the strategies or any security in particular, nor an opinion regarding the
appropriateness of any investment. This information should not be construed as a recommendation to purchase
or sell a security, derivative or futures contract. You should not act or rely on the information contained herein
without obtaining specific legal, tax, accounting and investment advice from an investment professional. The
views contained herein are not to be taken as advice or a recommendation to buy or sell any investment in any
jurisdiction. Our outlook contains forward-looking statements that are judgments based upon our current
assumptions, beliefs and expectations. If any of the factors underlying our current assumptions, beliefs or
expectations change, our statements as to potential future events or outcomes may be incorrect. We undertake
no obligation to update our forward-looking statements.

In the UK and the EEA this information issued in the UK by SEI Investments (Europe) Ltd, 1st Floor, Alphabeta, 14-
18 Finsbury Square, London EC2A 1BR which is authorised and regulated by the Financial Conduct Authority.
Investments in SEI Funds are generally medium- to long-term investments.
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