A LINEAR MULTIFACTOR MODEL FOR REITS SELECTION USING
GRADIENT MAXIMIZATION

by
Anatole Le

DIRO
Université de Montréal, Montreal

December 2006

A WORK REPORT SUBMITTED TOUNIVERSITE DE MONTREAL
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS OF THE DEGREE OF
MASTER OFSCIENCE

Copyright(© 2006 by Anatole Le



Abstract

Investing in real estate can provide a good source of divegiion as well as a hedge
against inflation. In this report, we describe a quantigat@nking model for portfolio
construction developed at Desjardins Global Asset Managérfor the market of Real
Estate Investment Trusts (REITs). The linear multifactadel uses eight signals and a
gradient maximization algorithm to compute the weight®esded to each factor.

We used Java for developing the ranking system and impletheigradient maximiza-
tion algorithm. We measured the performance of the modeldnktesting it over data
ranging from 1995 to 2006. We simulated two long-only pditis the first one composed
of the highest ranked REITs by the model and the second orteedbtvest ranked. We
restricted trading volume to 10% of a REIT’s daily volume @ndluded a $0.05/share
transaction fee.

The simulations results were compared with the MSCI REI'Eind he portfolio with
the highest ranked REITs outperformed the benchmark signifiy by 7.5% on average
annually while the one with the lowest ranked REITs unddgpered the index by 2.1%.
Annual volatility of the returns was higher for both portés (16.0% and 16.6%) than for
the benchmark (14.6%), but this increase is relatively mal
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Chapter 1

Introduction

1.1 What Are REITs

A Real Estate Investment Trust (REIT) is a corporation osttthat owns, manages, ac-
quires, develops, and finances income-producing reakegtata publicly traded company,
a REIT allows smaller investors to invest in commercial esthte by purchasing shares
of the REIT on a public stock exchange [REIO4], and improvegidlity over investing
directly in real estate. Various characteristics of REfdude that a REIT must pay 90%
of its taxable income through dividend payments, 75% ofstets must be invested in real
estate or mortgage loans, and 75% of gross income must beeddrom rents, interests
on mortgages from real estate property, or gains on saleabéstate assets. Also, a REIT
must have at least one hundred shareholders with the fivestiaogvning less than 50% of
the total number of outstanding shares.

REITs have grown dramatically as an asset class over theléaside as can be seen
from Figure 1.1 which shows the daily transaction volumen(iilions) for the NAREIT
index. Figure 1.2 provides a break-down of the sector clgatgon within the NAREIT
index as of September 2005.
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Figure 1.1: Daily Dollar Volume (millions) of NAREIT Index
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1.2. Why Investin REITs

1.2 Why Invest in REITs

An advantage of including REITs in a portfolio is that it caduce overall portfolio risk
through diversification since real estate has had in thegdast correlation with other asset
classes. Figure 1.3 shows the correlation of the NAREIT>xnaigh short-term and long-
term bonds as well as large-cap and small-cap indices (Ra88® and Russell 2000).
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Figure 1.3: REITs Correlation with Various Asset Classes

Another advantage of investing in REITs is that it can prewachedge against inflation
as rental increases provide protection from increase tepriand delivering strong cash
flows regularly through dividend payments [FSHO5]. We seEigure 1.4 that the REITs
dividend yield has been higher than the 10-year Treasurd gatd since 1999.

Over the past 7 years, REITs produced a higher total retam e major stock mar-
ket indices as well as long-term bonds while exhibiting deralolatility than the Russell
indices (see Figures 1.5 and 1.6).
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1.3. A Quantitative System for REITs Selection

1.3 A Quantitative System for REITs Selection

The benefits of investing in real estate have led the Quéargt&roup at Desjardins Global
Asset Management (DGAM) to pursue a project of developingiantjtative system for
REITs selection as part of a global portfolio.

We developed a ranking system for REITs based on a multifactmlel. The model
ranks each REIT by using a linear combination of eight factéy gradient maximization
algorithm is used to compute the weights for the model. We aiglemented various
optimizations for the model parameters such as the numbREDFs to carry in the portfo-
lio and the maximum holding rank for a REIT. The latter pra@sdh rank threshold under
which a REIT is sold. We performed various experiments todes and measure the
performance of the model over data ranging from 1995 to 20806ile taking into con-
sideration transaction costs and liquidity, we simulatetgtonly portfolios composed of
the highest ranked and of the lowest ranked REITs by the mote¢ backtests results
produced for the first portfolio annual excess return avapg.5%. For the second simu-
lated portfolio, it underperformed the MSCI REIT index byt% on average annually. A
production version of this model is currently in place anddufor REITs selection in a real
portfolio.

1.4 Report Organization

The remainder of this report is organized as follows. The nkapter describes the REITs
ranking system. We first provide an overview of the modelntive discuss the selected
factors used by the model, and finally we describe the impteati®n of the gradient max-
imization algorithm used to compute the weights associatezich factor. In Chapter 3,
we specify the data and the environment in which we condutteéxperiments, and give
details on the implementation of the simulations. In Chagteve discuss the results ob-
tained and compare them with the MSCI REIT index. We concludle Chapter 5 and
suggest potential areas for future work.
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Chapter 2
Ranking Model

2.1 Overview

The ranking system is based on a multifactor model where B&gdfh is assigned a score
based on a combination of several factors. The scores dszlsnrdecreasing order, giving
a ranking from the strongest REITs to the weakest ones aiogptal the model. The score
of a REIT is a function of the selected factors or signals. €&ach factor, its value is
computed for every REIT. The values are then sorted in detrgarder and divided into
deciles. REITs in the top decile get a score of 10 for thatipagr factor, those in the

second best decile have a value of 9, and so on until the batemite where REITs are
assigned a score of 1. If some data is missing and as a resuwtililie of a factor cannot be
computed for a REIT, we assign it a score of 3. For examplegitansider the dividend
yield factor, the top 10% of REITs with the highest dividendlg will have a score of

10 while the bottom 10% will get a score of 1. If for any reasom @annot compute the
dividend yield of a REIT, we will assign it a value of 3. Finalthe ranking score of a
REIT is a linear function of the individual factors scoreseTfollowing equation gives the
score of REITrj wherew; denotes the weight associated with factor

Sscorgr ) :-i\Wi fi(rj) (2.1)
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Ranking Model

The weightsn; are computed using a gradient maximization algorithm whvehde-
scribe in Section 2.3. We note that since the weights sum todllzat the score for each
factor is in the range of 1 to 10, the minimum and maximum raglgcores are 1 and 10
respectively for a REIT.

2.2 Factors

For the n-factor ranking model, we selected eight markebfachat can be grouped in
three categories: technical, valuation (accounting saémd fundamental (analysts recom-
mendations). We used two technical signals: 6-month prioememtum and 5-day price
contrarian. We used four standard accounting ratios: diuidyield, price-to-earnings,
price-to-sales and return on capital. Finally, we used twalyssts signals: current rec-
ommendation (buy, hold or sell) and recommendation charma the previous month
(upgrade, downgrade or no change) from Green Street Adviagesearch and brokerage
firm dedicated to the REITs’ market. Recommendations froee@Street are made based
on their proprietary calculation of net asset value (NAVaaslative valuation measure for
REITs in their respective sector. We note that for the analgignals, we cannot split them
into deciles since there are only three possible valueshfcurrent recommendation and
recommendation change factors. We thus assign a value bfdi@ 1 respectively for buy,
hold and sell recommendations. We do the same for upgradehamge and downgrade
for the recommendation change factor. In Figure 2.1, we shbigh-level overview of the
model.

Below, we provide details of the calculation of the techhigignals and accounting
ratios used by the model.

e Price momentum(R_1 + Div;_7:_1)/R_7 whereR_ is the price 1-month prior to
timet andDiv;_7;_1 is the total dividend from month— 7 to montht — 1. Interme-
diate term positive momentum is viewed as favorable.

e Price contrarian:(R_1 + Div;_gt_1)/R_e WhereR_1 is the price 1-day prior and
Divt_gt—1 is the dividend from day— 6 tot — 1. Short-term reversal in the trend is
viewed as favorable.



2.2. Factors

¢ Dividend Yield: annual indicated dividend / current price.

e Price-to-Earnings: current price / previous twelve momsings per share.

e Price-to-Sales: current price / previous twelve monthessper share. We consider
rents as sales for REITSs.

e Return on Capital: annual operating income / net operatasgta. Here, assets are
real estate owned.

In the ranking model, each factor has a weight associatdditvitVe describe in the
next section the algorithm used to compute these weights.

Fundamental Factors
Current Recommendation

and Previous Month Change
1;’\} Valuation Factors

Technical Factors Mo del ~—— Dividend Yield

|
|r'-'1|:|mer‘|tum ::[::P FEIT= ranking and ..<“_.:l' Price f Earnings |
|
|

portfolio selection

| Contrarian —_ using gradient <= Price / Sales

toazitnization

-f‘é"'_.:l' Return on Capital

a

« YYerification of selected REITs
+ Trading with brokers

Figure 2.1: Ranking Model for Portfolio Selection



Ranking Model

2.3 Gradient Maximization

2.3.1 Algorithm

The gradient maximization algorithm maximizes a functignan iterative process. The
function of interest has several variables for which we waifind the values that maximize
it. To do so, we first initialize the variables and compute ¢inadient of the function.
The gradient provides the direction of change of each viriddat increases the function
value. We then modify the values of the variables in the dimagiven by the gradient and
calculate the function value. If an improvement is found,a@enpute the gradient again
and continue this process until we get no more increase ifutifeion value. At this point,
we reached a local maximum. Since we cannot find and be certaglobal maximum
in financial data, we repeat this entire process with sewfi@rent initialization of the
variables and compare the maximums obtained.

For the REITs model, the function that the gradient maxitmzealgorithm evaluates
is a combination of total return and Sortino ratio of a sintedigportfolio over a three year
period. The variables of the function that we want to esteaaie the factors weights.

The Sortino ratio is similar to the Information ratio, whihthe ratio of excess return
(portfolio return minus benchmark return) divided by théatidity of this excess return. It
is defined as:

E[Rp—Ry)

Information Ratio= ——

whereR;, andR, are the monthly portfolio and benchmark returB$R, — Ry,| is the
expected monthly excess return and calculated as the &avefagserie of monthly excess
returns, ando = /Var[R, — R is the standard deviation of a serie of monthly excess
returns. The difference between the Sortino and the Infoomaatio is that in the Sortino
case,o is replaced bygy which is the downside volatility where only negative excess
returns are used in the standard deviation calculation. &/e bhosen this ratio over the
more standard Information ratio since we are not concerntidtihe volatility of positive
excess returns.

10



2.3. Gradient Maximization

The gradient maximization algorithm has been implemensetkeacribed by Brush and
Schock [BS95]. We highlight the six steps in this processwel

() Initialize weights randomly.

(I1) Simulate portfolios composed of the highest ranked REbr all combinations
of weights adjusted by +/- 20% over three years of daily data.

(111 Compute total return and Sortino ratio for each sintiga.

(IV) Modify the weights in the direction given by the best sil@ted portfolio in
Step I, and perform simulations in this direction until@al maximum is
reached.

(V) Repeat Steps (1), (I1I) and (IV) until no improvementfesund.

(VI) Repeat the entire process from Step (1) with differemtial weights.

It should be noted that the gradient computation is done bpsSH and l1lI, i.e. we
adjust the weights in every direction, we simulate portfelusing these weights, and we
compute portfolio return and Sortino ratio. The directibmweights adjustments (the gradi-
ent) can then be found by choosing the portfolio that bestines total return and Sortino
ratio (the criteria to maximize).

11



Ranking Model

2.3.2 Example

As a concrete example, we consider a 2-factor model andhiziieach of the two weights
to 0.5. We then modify the weights by +/- 20% and simulate portlof REITs. We
compute the total return and the Sortino ratio for all pdiv We assign a score to each
by combining these two measures. Different functions candsal for this purpose. We
use the following equation:

fi S

+ (2.2)
max rj max s

scorgpi) =

wherep; is the th portfolio simulation, and; ands are the total return and Sortino
ratio for portfolioi.

portfolis w wp ~TOWrewm  Sortng r/max() ¢
1 0.4 0.4 31%8 0.65 1.66
2 0.4 0.5 399 0.71 1.95
3 0.4 0.6 37% a.7o 1.88
4 0.5 0.4 3594 0.68 1.79
5 0.5 0.5 3596 0.67 1.79
] 0.5 0.6 3694 0.71 1.87
7 0.6 0.4 38%0 0.75 197
8 0.6 0.5 3496 0.68 1.78
g 0.6 0.6 33% 0.68 1.75

Figure 2.2: Example of Determining the Gradient

In Figure 2.2, we show an example of portfolios with weightpiated by +/- 20% from
the initial weights both equal to 0.5 along with possible @imtions results. We notice
that the highest total return and Sortino ratio are 39% {pkot2) and 0.75 (portfolio 7)
respectively, each coming from a different portfolio siatidn. The last column shows the
score assigned to each portfolio simulation using equ&iadnThe best one is Portfolio 7
(shown in bold) with values fow; andw, of 0.6 and 0.4, and a score of 1.97. We note here
that among all portfolios, this one has the second highé&streeturn but the highest Sortino

12



2.3. Gradient Maximization

ratio. Thus, the direction of the gradient for weight is positive (since 0.6 is higher than
the initial 0.5 value) and fow, it is negative (since 0.4 is lower than 0.5).

Figure 2.3 (from [BS95]) shows the gradient maximizati@rative process for a 2-
factor model (two weights to estimate). Point 1 is the stgripoint where weights are
initialized (Step 1). The black dots surrounding Point 1 fre tfigure correspond to the
modification of the weights (Step 1) to find the direction a§lmest improvement (Step
ll1). We see in the picture that this direction is pointingverds Point 2. Weights are
adjusted in this direction (Step IV) until a local maximunréached (Point 2). Steps Il,
Il and IV are performed until Point 3 is reached, and agaitil (foint 4. At that point,
modifying the weights does not improve the solution.

Factor 2

Figure 2.3: lllustration of the Gradient Maximization witlwo Factors

13



Ranking Model

2.4 Summary
In summary, the ranking model is a 4-step quantitative @ecce

(I) For each of the eight factors, rank REITs based on theegai the factor.

(I1) For every factor, divide the ranking into deciles andiga them a score of 1
(bottom decile) to 10 (top decile).

(111) Compute weights for each factor using the gradient mazation algorithm
described in Section 2.3.

(IV) Compute the total score for each REIT using equation 2.1

In this chapter, we described the ranking system used fecsey) REITs in a portfolio.
In the next chapter, we discuss the experimental framewonkich we ran simulations to
evaluate the performance of the model.

14



Chapter 3
Experimental Framework

In this chapter, we describe the environment in which we ootetl experiments to
evaluate the performance of the ranking model. The nexiosedescribes the data that we
used. Section 3.2 specifies the systems and tools used etk pment of the model and
for the simulations. Finally, in Section 3.3, we give dedaf the simulations, including
the various parameters used by the model and the implenmntidtthe train/test rolling
window employed to evaluate its performance.

3.1 Data

For our experiments, we used data ranging from January 103&ne 2006 from the S&P
Compustat database, including daily prices, dividend dtitiae ex-date, and quarterly fun-
damental data to compute price-to-earnings, price-tessalividend yield and return on
capital ratios. For the quarterly fundamentals, we usedtiet-in-Time package in Com-
pustat which shows the data that was available in the dagdtistorically at a given pointin
time. For example, if a REIT had its earnings per share fotasiequarter of 1999 restated
in 2001, then in our simulations we used the unrestated wal@600 but the restated one
in 2001. Hence, the Point-in-Time package keeps track ohéiah restatements making
backtests results more reliable.

We considered for our sample the set of REITs covered by Gaéeet Advisors, in-
cluding those that do not exist anymore, have merged, opstbpeing followed. To limit

15



Experimental Framework

the effect of survivorship bias, we included every REIT treateived monthly recommen-
dations between 1995 and 2006 by Green Street. This gavepusxapately 150 REITs
for the entire period, of which about ten were eliminated thuenavailability of prices or
qguarterly data. We note that typically, for any given morittere were around 60 to 70
REITs covered by Green Street.

3.2 Systems and Tools

The development of the model as well as the simulations hega made in the Java pro-
gramming language using JDK 1.5.0 Update 6 within the Cygwwvironment. The ma-
chine used for the implementation and for running the expenits was an Intel Pentium 4,
2.8 GHz system with 2 GBs of RAM running Microsoft Windows XRfessional Version
2002 Service Pack 2.

3.3 Simulations Implementation

3.3.1 Parameters

In Section 2.3, we described how the gradient maximizatigorgdhm computes the weights
associated to each factor. In our simulations, two addiliparameters, which we called
PF_SIZEandMAX HOLD_RANK also needed to be optimized. The first one specified
the number of REITs to buy when there was cash available ipdhi#olio. For example,
if after optimizationPF_SIZEwas set to 12, then every day if the portfolio had money
available then the top 12 ranked REITs by the model were jageh with equal weights.
For the second parameter, it provided the maximum rank ofld REstay in the portfolio.
For example, if the maximum rank was 30, then whenever theotia REIT contained in
the portfolio fell below 30, we got rid of it. We added thesetparameters to the factors
weights to be optimized as part of the gradient maximizagigorithm.

In our simulations, we allocated an initial capital of 10 lioihs dollars for the portfolio.
The simulations were performed daily and whenever theremasey available in the port-
folio, the highesPF SIZEranked REITs by the model were purchased (equal-weighted).

16



3.3. Simulations Implementation

If a REIT held in the portfolio had a rank lower thanwAX HOLD_ RANK we sold it.
When establishing a position for a REIT, we limited the maximnumber of shares that
we bought or sold to 10% of the REIT’s daily volume. We incld@e$0.05 fee for the cost
of each share transaction, and used the average of the dgtilylbw and close price for
the transaction price.

3.3.2 Rolling Window

We implemented the backtesting of the ranking system bygusie rolling train/test win-
dow model typically used in learning algorithms and desdim [Lev95]. We performed
sequential validation of the model by training the gradimatximization over three years
of continuous data, and then evaluated the computed wedgttse subsequent six months
of data. The gradient maximization algorithm was thus imekvery six months. Since
our data is from January 1995 to June 2006, the simulatioriseoportfolios started in
January 1998 using computed weights by the gradient maatroizon data from January
1995 until December 1997. The performance of the portfolas then measured using
these weights on six months of out-of-sample data from Jgnl@98 to June 1998. In
July 1998, the gradient maximization algorithm was invokgdin, and the data for train-
ing and testing were moved accordingly, i.e. the weightewecomputed using data from
July 1995 until June 1998 and the performance was evaluaied the new computed
weights on out-of-sample data from July 1998 to Decembe819Be window of data for
training and testing was moved forward this way until the ehthe simulations in June
2006. We note that the signals were calculated daily. Heheanodel ranked REITs on a
daily basis, and positions were evaluated and rebalanaeadidingly.

We simulated two long-only portfolios: the first one commbsé the highest ranked
REITs by the model and the second one of the lowest. We usegtdldént maximization
algorithm to compute weights for each. Invoking the gratirmaximization for selecting
low performing REITs is the opposite of for high performingRs, i.e. instead of maxi-
mizing total return and Sortino ratio we minimize it. In Appkx A, we show the weights
computed every six months for both simulations.

17
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Chapter 4
Simulations Results

In the previous chapter, we discussed the experimentakfrark and the implementa-
tion of the highest- and lowest-ranked REITs simulationsgithe gradient maximization
algorithm. In the following sections, we present the perfance measurements of the
simulated portfolios.

4.1 Measurements

The performance measurements of the ranking model staahumly 1998 and end in June
2006. We list and provide details of the various measuresnf@ntthe simulations results
contained in Tables 4.1 and 4.2.

e Position Size (): daily average number of REITs held in portfolio.

e Position Cashif ando): daily average and standard deviation of cash position as a
percentage of total portfolio value.

e Monthly Turnover {1 andog): A measurement of portfolio trading activity. A high
turnover value means assets are bought and sold frequextijpas high transaction
costs are incurred. The value for a given month is calcullayedividing the monthly
total dollar value of purchases or sales (whichever is legshe average total value
of the portfolio in the month.

19



Simulations Results

e Monthly Return f1): average monthly return of portfolio.
e Yearly Return: portfolio return in a given year.
e Total Return: portfolio return from the simulation startelantil the end date.

e Annual Volatility: standard deviation of the serie of pottdb monthly returns multi-
plied by /12.

e Maximum Drawdown: largest percentage loss from a peak itfgmr value to a
bottom.

e Recovery Date: date at which the portfolio value recoverechfthe maximum draw-
down.

e Excess Returny( ando): average and standard deviation of the serie of monthly ex-
cess returns over the MSCI REIT index. Excess return foragmonth is calculated
as the portfolio return for that month minus the index return

e Months Positive: number of months where the excess retyprosiive.

e Tracking Error: standard deviation of the serie of monthgess returns multiplied

by v/12.

e Information Ratio: average of the serie of monthly excessrns divided by the
standard deviation of the serie.

e Sortino Ratio: same as the Information ratio except thag nabative excess returns
are taken into account when computing the standard dewiafithe serie of excess
returns.

4.2 Results

The results of the ranking model simulations are shown iferdtl. It should be noted
that the yearly return for 2006 only includes the first six itin@n The first row of Table 4.1
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4.2. Results

shows that the average number of REITs held daily in the Isiglaad lowest-ranked port-
folios is about the same. Similarly for the daily cash positior both models which had
only 0.1% on average, and hence our restriction of limitnags$action volume to 10% of
the daily volume did not cause liquidity issues. For bothtstgies, the turnover was around
31%, a large but not excessive value. This means that eatiolpowas rolled over ap-
proximately 3 1/2 times per year. The monthly return for tighbst-ranked portfolio was
1.68%, much higher than for the benchmark (1.07%). For the$t-ranked simulation,
the monthly return was 0.91%, which is below the index. Weeribat if we wanted to be
market neutral, this difference would not be significantiggioto short the lowest-ranked
portfolio since taking into account the repo rate (the cosiborowing shares for shorting),
the performance would approximately be the same as the ipdewith more risks (see
discussion on volatility below).

In the middle rows, we see the yearly returns from 1998 to 2@y the first six
months are included in 2006). In every year, the highegtadrsimulation outperformed
both the lowest-ranked portfolio and the benchmark. Forakest-ranked portfolio, it
underperformed the benchmark each year except for 2004 @0®l Z'he highest-ranked
portfolio thus outperformed much more the benchmark andentonsistently than the
lowest-ranked portfolio underperformed it. The total ratufor both simulations as well
as for the index were 390.9%, 125.0% and 169.6% respectwgly annual volatility of
16.0%, 16.6% and 14.6%. Although the volatility of the bemeink returns was smaller
than the ones for the simulations, the difference is notiiggimt compared with the excess
returns generated by the highest-ranked portfolio. Howekies increase in risks may not
justify the shorting of the lowest-ranked portfolio givea small underperformance.

The last two rows of Table 4.1 show the maximum drawdown aocoMery date for the
simulations. For the first portfolio, the largest decreasealue from any given point was
-23.9% while the index dropped by -12.4% for the same pelicithen took 2 1/2 months
for the portfolio to return to that peak. For the second mdidf the maximum drawdown
was -31.1% (-26.6% for the benchmark) but it took more thareisenonths to recover
from this drop.
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Simulations Results

Portfolio
Measurement Highest-Ranked Lowest-Ranked MSCI REIT Index
Position Size u 22.7 20.1 -
Position Cash u 0.1% 0.1% -
o 0.3% 0.2% -
Monthly Turnover u 30.7% 31.1% -
o 20.4% 23.6% -
Monthly Return u 1.68% 0.91% 1.07%
Yearly Return 1998 -0.29% -18.5% -16.7%
1999 0.28% -5.7% -4.6%
2000 39.9% 20.9% 26.8%
2001 19.2% 9.5% 12.8%
2002 10.3% -2.7% 3.6%
2003 45.1% 34.2% 36.7%
2004 35.1% 33.8% 31.5%
2005 16.2% 9.4% 12.1%
2006 17.1% 15.7% 13.5%
Total Return 390.9% 125.0% 169.6%
Annual Volatility 16.0% 16.6% 14.6%
Maximum Drawdown -23.9% -31.1% -12.4% & -26.6%
2001/08/24 to | 1998/01/21 to -
2001/09/21 1999/12/14 -
Recovery Date 2001/12/05 2000/07/26 -

afrom January to June 2006

Table 4.1: Simulations Results
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4.2. Results

We show cumulative total returns of the simulated portkmd of the MSCI REIT
index (the benchmark) in Figure 4.1 for a $100 investmenhatteginning of the period
in January 1998 until June 2006. We see in the figure that thleeki-ranked strategy
outperformed the lowest-ranked portfolio and the benchkrsagnificantly for the entire
period. The lowest-ranked simulation underperformed tiglex modestly, and hence we
do not recommend it as a shorting strategy since a cost of.5%- annually would be
incurred for borrowing shares.
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Figure 4.1: Cumulative Returns of Simulated Portfolios araex
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Simulations Results

Table 4.2 shows excess return measurements for the higimeslewest-ranked portfo-
lios over the benchmark. The average monthly excess rebutvoth strategies are 0.62%
and -0.15%, with volatility of 1.9% and 2.6%. The results #res much better for the
highest-ranked portfolio since the excess return is higimer the volatility smaller. The
second row gives the number of months in which the excessnrétupositive. In Ap-
pendix B, we provide the returns for every month from Jand&98 to June 2006 for the
simulations as well as for the benchmark. We see that theebtgianked portfolio out-
performed the benchmark in 70% (71/102) of the months wisettea lowest-ranked one
underperformed the index 53% (54/102) of the time. The thind shows the tracking
error measure (the annualized excess return volatilityjife models. It is better for the
highest-ranked portfolio since its value is smaller. Hippdahe bottom two rows show the
Information and Sortino ratios. The ratios of 1.11 and 1@¥3lhe first portfolio are very
good, but for the second one, the ratios of -0.21 and -0.28\@®ge.

Portfolio

Measurement Highest-Ranked Lowest-Ranked
Excess Return U 0.62% -0.15%
(monthly) o 1.9% 2.6%
Months Positive 71/102 48 /102
Tracking Error 6.6% 9.0%
Information Ratio 1.11 -0.21
Sortino Ratio 1.43 -0.29

Table 4.2: Excess Return Measurements

The next two figures show the annual excess return and therigaerror of the simu-
lations. In Figure 4.2, we see that the highest-ranked glarthad a positive excess return
in every year. For the lowest-ranked strategy, it undequaréd the index in seven of the
nine years, 2004 and 2006 being positive. In Figure 4.3, vie that the tracking error for
the first simulation is rather small especially in recentrgdanly in 2001 it is somewhat
large). We notice the opposite for the second simulatiorrevtiee tracking error is high in
later years.
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Chapter 5
Conclusions and Future Work

5.1 Conclusions

In this report, we first gave a description of REITs and disedsseveral advantages of
investing in them. We then described the development of atgatve system for REITs
selection based on a multifactor model. Eight factors wéi@sen for the model: price
momentum, price contrarian, current analyst recommeoidathange in recommendation
from the previous month, dividend yield, price-to-earrsingrice-to-sales and return on
capital. The model combined these signals linearly, and asgradient maximization
algorithm to compute the weights associated to each factor.

We conducted experiments by backtesting the model usindiagrtrain/test window
over data ranging from 1995 to 2006. We performed simulatmfportfolios composed
of the highest- and lowest-ranked REITs by the model. Wetdichtransaction volume to
10% of a REIT’s daily volume and assumed a fee of $0.05 for shalhe transacted.

Finally, we measured the performance of the simulationsantpared the results with
the MSCI REIT index. The results of the simulations show thathighest-ranked strategy
outperformed the benchmark significantly and had returrexaess of 7.5% annually on
average. In every year from 1998 to 2006, the excess retusrpasitive while the annual
volatility was only 1.4% higher (16.0% versus 14.6% for temthmark). For the lowest-
ranked simulation, the portfolio underperformed the indgx.1% on average annually
with a 2.0% increase in volatility (16.6%).
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Conclusions and Future Work

5.2 Future Work

5.2.1 Rebalancing

In our simulations, when a set of REITs was selected to behased, each one of them
was allocated the same amount of money, i.e. positions wpral-eveighted. In contrast,
different trading methods could be explored. An interegéiternative would be the anticor
algorithm presented by Borodin, El-Yaniv and Gogan [BEY{@hich on the premise
that constant rebalancing can improve performance, haveajeed a technique that takes
advantage of predictable correlation between pairs okstoc

5.2.2 Classification and Regression Trees

Classification and Regression Trees (CART) is a non-parameéthod that classifies ob-

servations into categories, or in the continuous case @gession trees. CART is modeled
in the form of binary trees that represent decision ruleshBaternal node in the binary

tree split sample data into two nodes based on the variahle easociated with that node
(in this case the associated factor’s value). As such, CARIISo known as binary recursive
partitioning since parent nodes are always split into dxawaio child nodes and recursive

because the process can be repeated by treating each ctdlcha@ parent [whies]. This

hierarchical representation results in data clustertisggrom the root node with the entire

learning data and end with small group of homogeneous casens [And05].

It would be interesting to experiment with a CART model siitckeas been a proven
robust data-mining and data-analysis tool used in the paktapable of discovering im-
portant patterns and relationships in highly complex d&ART’s set of decision rules
could also provide intuition in the relationships betwelea different factors affecting the
performance of REITS, and consequently provide a high @egfreesult’s interpretability.
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5.2. Future Work

5.2.3 Combining Models

It is known that combining various predictors can improvempsing predictors individu-
ally. Thus, the ranking model described in this report cdagdised in conjunction with a
CART model. An investigation of committee and bagging teghas [KV95, Bre94] could

be performed to see whether factors affecting REITs pedoca could be generalized.
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Appendix A

Gradient Maximization Computed Weights

In the following two tables, we show the weights that were patad every six months

by the gradient maximization algorithm for the highest- fowlest-ranked portfolio simu-

lations. We note that the weights in a row may not always suinidecause of rounding to

the second decimal. In the tables, the corresponding faater.

o F1:

o F2:

o F3:

o F4:

o [5:

o F6:

o F7:

e F8:

Contrarian

Current Green Street Recommendation

Recommendation Change from Previous Month by GreeriStre
Momentum

Dividend Yield

Price-to-Earnings

Price-to-Sales

Return on Capital
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Gradient Maximization Computed Weights

Factor
Date F1 F2 F3 F4 F5 F6 F7 F8

1998/01/01) 0.23| 0.05| 0.3 | 0.22| 0.02| 0.03| 0.05| 0.09

1998/07/01)| 0.15| 0.14| 0.19| 0.23| 0.04| 0.04| 0.12| 0.09

1999/01/01) 0.24| 0.07| 0.35| 0.16| 0.02| 0.05| 0.06| 0.06

1999/07/01) 0.23| 0.27| 0.29| 0.06| 0.04| 0.02| 0.07| 0.01

2000/01/01 0.3 | 0.08| 0.24| 0.16| 0.03| 0.05| 0.08| 0.06

2000/07/01| 0.14| 0.18| 0.25| 0.08| 0.05| 0.06| 0.18| 0.05

2001/01/01| 0.12| 0.18| 0.25| 0.1 | 0.04| 0.06| 0.17| 0.07

2001/07/01| 0.22| 0.05| 0.37| 0.07| 0.08| 0.09| 0.1 | 0.03

2002/01/01| 0.13| 0.09| 0.15| 0.17| 0.12| 0.13| 0.14| 0.07

2002/07/01| 0.15| 0.11| 0.15| 0.23| 0.12| 0.08| 0.08| 0.09

2003/01/01j| 0.13| 0.13| 0.21| 0.16| 0.11| 0.08| 0.05| 0.12

2003/07/01 0.12| 0.14| 0.13| 0.14| 0.09| 0.14| 0.11| 0.14

2004/01/01) 0.12| 0.1 | 0.13] 0.13| 0.14| 0.12| 0.06| 0.2

2004/07/01| 0.12| 0.14| 0.14| 0.14| 0.09| 0.11| 0.08| 0.17

2005/01/01 0.17| 0.11| 0.2 | 0.09| 0.07| 0.14| 0.05| 0.17

2005/07/01| 0.19| 0.11| 0.2 | 0.12| 0.05| 0.09| 0.08| 0.16

2006/01/01 0.12| 0.2 | 0.21| 0.1 | 0.06| 0.06| 0.07| 0.17

Table A.1: Weights Computed for Highest-Ranked Strategy
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Factor
Date F1 F2 F3 F4 F5 F6 F7 F8

1998/01/01| 0.21| 0.12| 0.22| 0.14| 0.06| 0.11| 0.08| 0.05

1998/07/01) 0.19| 0.04| 0.45| 0.07| 0.05| 0.09| 0.08| 0.02

1999/01/01 0.25| 0.05| 0.3 | 0.16| 0.1 | 0.09| 0.02| 0.03

1999/07/01 0.18| 0.08| 0.37| 0.13| 0.09| 0.1 | 0.03| 0.03

2000/01/01 0.22| 0.06| 0.36| 0.13| 0.11| 0.06| 0.02| 0.04

2000/07/01| 0.16| 0.08| 0.33| 0.11| 0.08| 0.13| 0.04| 0.07

2001/01/01| 0.12| 0.09| 0.37| 0.09| 0.12| 0.09| 0.04| 0.09

2001/07/01 0.19| 0.14| 0.37| 0.05| 0.05| 0.07| 0.04| 0.08

2002/01/01j| 0.14| 0.08| 0.61| 0.03| 0.04| 0.04| 0.03| 0.03

2002/07/01| 0.12| 0.13| 0.35| 0.08| 0.07| 0.1 | 0.08| 0.06

2003/01/01| 0.12| 0.18| 0.12| 0.1 | 0.12| 0.19| 0.06| 0.11

2003/07/01| 0.09| 0.16| 0.08| 0.07| 0.15| 0.19| 0.08| 0.17

2004/01/01| 0.1 | 0.14| 0.08| 0.08| 0.21| 0.21| 0.1 | 0.08

2004/07/01| 0.11| 0.15| 0.12| 0.07| 0.22| 0.13| 0.12| 0.09

2005/01/01) 0.1 | 0.2 | 0.1 | 0.1 | 0.17| 0.16| 0.06| 0.12

2005/07/01 0.11| 0.19| 0.15| 0.08| 0.13| 0.12| 0.08| 0.14

2006/01/01| 0.11| 0.14| 0.24| 0.12| 0.06| 0.08| 0.13| 0.13

Table A.2: Weights Computed for Lowest-Ranked Strategy
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Appendix B
Simulations Monthly Returns

The following tables show the monthly returns of the highastl lowest-ranked port-
folio simulations.

Portfolio
Month | Highest-Ranked Lowest-Ranked MSCI REIT Index
1998/01 0.75% 0.46% -1.24%
1998/02 -1.29% -2.56% -1.61%
1998/03 3.26% 1.30% 2.37%
1998/04 -3.45% -3.15% -3.54%
1998/05 0.77% 0.48% -0.87%
1998/06 0.08% -0.40% -0.01%
1998/07 -3.65% -6.73% -7.02%
1998/08 -6.95% -12.93% -9.42%
1998/09 10.44% 6.46% 6.19%
1998/10 -1.17% -0.38% -1.89%
1998/11 -0.14% 3.87% 1.57%
1998/12 2.06% -5.23% -1.78%

Table B.1: Monthly Return for 1998

35



Simulations Monthly Returns

Portfolio
Month | Highest-Ranked Lowest-Ranked MSCI REIT Index
1999/01 -3.45% -1.57% -2.69%
1999/02 -4.05% -1.54% -1.64%
1999/03 1.30% 0.24% -0.55%
1999/04 12.06% 9.21% 9.67%
1999/05 2.79% 1.60% 2.12%
1999/06 -0.51% -2.95% -1.86%
1999/07 -4.88% -4.98% -3.15%
1999/08 0.73% -1.02% -0.96%
1999/09 -2.73% -5.25% -4.18%
1999/10 0.51% -1.33% -2.28%
1999/11 -3.48% -1.39% -1.48%
1999/12 3.15% 3.98% 3.11%
2000/01 0.44% -0.08% 0.62%
2000/02 -3.17% -3.08% -1.59%
2000/03 7.65% 5.67% 3.67%
2000/04 6.27% 5.25% 6.72%
2000/05 2.70% 0.46% 0.92%
2000/06 2.81% 4.46% 2.48%
2000/07 10.88% 5.33% 9.07%
2000/08 -2.57% -0.37% -4.10%
2000/09 4.23% 0.12% 3.08%
2000/10 -3.65% -5.04% -4.75%
2000/11 1.39% 3.55% 1.75%
2000/12 8.31% 3.53% 7.11%

Table B.2: Monthly Return for 1999 and 2000
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Portfolio

Month | Highest-Ranked Lowest-Ranked MSCI REIT Index
2001/01 4.62% -1.12% 0.43%
2001/02 -2.36% -3.92% -1.72%
2001/03 1.50% -0.78% 0.82%
2001/04 4.58% 2.67% 2.32%
2001/05 4.78% 7.07% 2.24%
2001/06 2.82% 1.35% 6.03%
2001/07 0.33% -5.29% -2.16%
2001/08 1.78% 6.23% 3.70%
2001/09 -14.78% -2.97% -4%
2001/10 1.38% -2.08% -3.35%
2001/11 10.54% 7.34% 5.83%
2001/12 4.61% 1.66% 2.60%
2002/01 2.97% -0.66% -0.23%
2002/02 3.59% 2.16% 1.98%
2002/03 7.25% 5.50% 6.44%
2002/04 1.68% -1.16% 0.64%
2002/05 0.18% -0.45% 1.27%
2002/06 2.37% 1.51% 2.87%
2002/07 -4.95% -5.35% -5.61%
2002/08 -0.09% -2.22% 0.17%
2002/09 -1.73% -4.87% -3.63%
2002/10 -6.64% -1.89% -5.02%
2002/11 5.12% 6.02% 4.61%
2002/12 0.99% -0.67% 0.83%

Table B.3: Monthly Return for 2001 and 2002
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Simulations Monthly Returns

Portfolio
Month | Highest-Ranked Lowest-Ranked MSCI REIT Index
2003/01 -2.06% -7.46% -2.75%
2003/02 3.96% -7.90% 1.79%
2003/03 2.90% 3.20% 2.10%
2003/04 4.59% 6.15% 4.22%
2003/05 5.30% 12.80% 5.65%
2003/06 3.78% 0.42% 2.32%
2003/07 5.11% 11.29% 5.31%
2003/08 0.98% 0.61% 0.61%
2003/09 3.96% 6.09% 3.53%
2003/10 1.28% 0.08% 1.69%
2003/11 4.45% 1.54% 4.39%
2003/12 3.81% 5.13% 3.14%
2004/01 4.95% 5.55% 4.38%
2004/02 2.50% -4.28% 1.67%
2004/03 5.97% 5.27% 5.58%
2004/04 -14.54% -11.37% -14.82%
2004/05 7.11% 5.95% 7.18%
2004/06 2.65% 6.14% 2.83%
2004/07 1.44% -3.73% 0.53%
2004/08 6.87% 5.19% 8.03%
2004/09 0.02% -0.52% -0.20%
2004/10 4.67% 5.90% 5.47%
2004/11 5.70% 7.42% 4.24%
2004/12 5.11% 10.17% 4.89%

Table B.4: Monthly Return for 2003 and 2004
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Portfolio
Month | Highest-Ranked Lowest-Ranked MSCI REIT Index
2005/01 -8.34% -7.85% -8.61%
2005/02 2.61% -1.87% 2.92%
2005/03 -1.85% -2.76% -1.60%
2005/04 6.76% 1.40% 5.94%
2005/05 4.91% 8.53% 3.26%
2005/06 5.36% 3.85% 5.02%
2005/07 6.95% 5.47% 7.17%
2005/08 -3.03% -2.46% -3.85%
2005/09 0.93% -0.27% 0.57%
2005/10 -4.23% -1.90% -2.38%
2005/11 6.57% 6.05% 4.33%
2005/12 -0.15% 1.96% -0.10%
2006/01 5.85% 9.22% 7.68%
2006/02 3.46% 1.20% 1.88%
2006/03 6.81% 4.51% 4.97%
2006/04 -2.90% -2.49% -3.72%
2006/05 -1.82% -0.83% -2.88%
2006/06 5.01% 3.56% 5.38%

Table B.5: Monthly Return for 2005 and 2006

39




Simulations Monthly Returns

40



Bibliography

[And05] Anton Andriyashin. Financial applications of cd#tcation and regression
trees. Master’s thesis, Humboldt University, Berlin, Mag9005.

[BEYGO04] A. Borodin, R. El-Yaniv, and V. Gogan. Can we leambteat the best stock.
Journal of Artificial Intelligence ResearcB1:579-594, May 2004.
URL: <ci t eseer. i st. psu. edu/ bor odi n03can. ht m >.

[Bre94] Leo Breiman. Bagging predictorslachine Learning24(2):123—-140, 1994.
URL:<ftp://ftp.stat. berkel ey. edu/ pub/ user s/ brei man/ baggi ng. ps.

[BS95] J.S. Brush and V.K. Schock. Gradient maximization:idtegrated return/risk
portfolio construction procedureJournal of Portfolio Managemen®1(4),
1995.

[FSHO5] Corin Frost, Amy Schioldager, and Scott HammondalRstate investing: the
reit way. Investment Research Journal from Barclays Global Invest\({7),
September 2005.

[GB96] Joumana Ghosn and Yoshua Bengio. Multi-task legrifim stock selection.
In NIPS pages 946-952, 1996.

[KV95]  A. Krogh and J. Vedelsby. Neural network ensemblasss validation and
active learning. pages 231-238. Cambridge MA: MIT Pres8519

41



Bibliography

[Lev95]  Asriel E. Levin. Stock selection via nonlinear miHctor models. INNIPS
pages 966-972, 1995.

[LLM94] Asriel U. Levin, Todd K. Leen, and John E. Moody. Fgsuning using prin-
cipal components. In Jack D. Cowan, Gerald Tesauro, andidoSlspector,
editors,Advances in Neural Information Processing Systemkime 6, pages
35—-42. Morgan Kaufmann Publishers, Inc., 1994.

[lon99] Steven F. Freed. An Overview of Long-Short Equitydsting, William Mercer
Investment Consulting, Nov. 29, 1999.

[REIO4] REITs 101: Introduction to Real Estate Investmenists, Citigroup Global
Markets, Sept. 29, 2004.

[whies] An Overview of the CART Methodology, Salford Systelvhite Paper Series.

[ZNGO1] Hans-Georg Zimmermann, Ralph Neuneier, and Ralptti®ann. Active
portfolio-management based on error correction neuralorés. InNIPS
pages 1465-1472, 2001.

42



