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A Comparison of Nonlinear Methods for Predicting
Earnings Surprises and Returns

Vasant Dhar and Dashin Chou

Abstract—We compare four nonlinear methods on their ability ~are exceeded marginally, but react very strongly if earnings ex-
to learn models from data. The problem requires predicting ceed a high threshold. But this effect can also be tempered by
whether a company will deliver an eamings surprise a specific yipar yariables, such as the industry involved, whether the com-

number of days prior to announcement. This problem has been . o th* or “value® stock whether it ised
well studied in the literature using linear models. A basic question Pany IS @ growth” or “vajue® stock, whether it surprised pos-

is whether machine learning-based nonlinear models such as tree itively or negatively last time, or more macroeconomic vari-

induction algorithms, neural networks, naive Bayesian learning, ables. There is also an observed “price creep” effect, upwards
and genetic algorithms perform better in terms of predictive accu-  for companies that deliver positive surprises and negative for
racy and in uncovering interesting relationships among problem companies that deliver negative surprises. Again, this prean-

variables. Equally importantly, if these alternative approaches . . .
perform better, why? And how do they stack up relative to each nouncement effect is also tempered by other variables. Discov-

other? The answers to these questions are significant for predic- €ing an underlying structure that works generally in predicting
tive modeling in the financial arena, and in general for problem pre-and postannouncement drift for such problems is therefore
domains characterized by significant nonlinearities. In this paper, challenging. Simple models just do not work most of the time,

we compare the four above-mentioned nonlinear methods along a g, finding models that make reliable predictions even occasion-
number of criteria. The genetic algorithm turns out to have some ally is useful

advantages in finding multiple “small disjunct” patterns that can L . .
be accurate and collectively capable of making predictions more ~ The problem of predicting earnings surprise and postan-
often than its competitors. We use some of the nonlinearities we nouncement drift is also interesting because it has been well
discovered about the problem domain to explain these results.  studied in the accounting and finance arenas. Understandably,

Index Terms—Data mining, earnings surprise, genetic algo- prior research has modeled this problem using linear statistical

rithms, machine learning, nonlinear systems. approaches, where expected interaction effects are modeled
using dummy variables. With this approach, the expected
|. INTRODUCTION interaction effect is a part of the problem formulation, not a

~relationship that is discoverable through an intelligent search.
I HIS study compares the performance of four nonline@ne of the desirable aspects of nonparametric machine learning

methods in predicting earnings surprise. It has been ofethods is that they are able to discover the interesting in-

served that earnings expectations tend to be an important defgfaction effects automatically. If such methods turn out to be
minant of future equity prices. On average, there tends to bgjgnificantly better in terms of predictive accuracy and are easy
“preannouncement drift” where prices of companies who end yp ynderstand, they should be considered seriously as standard
delivering “positive earnings surprise” drift upwards, adjustingyo|s to be used in exploratory research in investment decision
for the overall market, and the prices of companies who deIivgfaking, and for nonlinear prediction problems in general. As
a negative surprise are relatively weaker. There is then a “pggfe experienced money manager put it, “patterns often emerge
announcement drift,” where the prices of firms who had an agafgre the reasons for them are apparent.”
tual positive surprise show above market returns and vice-versgrhe area of earnings surprise prediction is also a good testbed
for the negative surprise firms. for nonlinear methods because a number of studies have shown

Our experience with building systematic investment model§at earnings expectations often affect markets and therefore
in finance leads us to believe that predictive modeling is chahere is the possibility of predictive power in this area. In other
lenging for a number of reasons. First, financial markets aggyrds, while difficult, prediction is not unequivocally an exer-
inherently “noisy” with several types of nonlinearities. For exgjse in futility. Whether nonlinear methods perform better than
ample, the degree to which a company’s reported earnings gxaar methods is in itself an open question in this arena, and if
ceed its expected earnings has a nonlinear relationship withtﬁgy do, which methods perform better and why is of particular
stock price. Sometimes the effect on price kicks in only after §fterest.
expectation threshold has besignificantlyexceeded, and the  The four methods we compare to linear regression (and

ample, prices are often unaffected when earnings expectations
1Growth and value are standard nomenclature in the investment community.
A value approach places emphasis on the strength of a company’s current fi-
Manuscript received September 13, 2000; revised February 22, 2001 aadhcial statements whereas a growth approach places emphasis on a company’s

March 11, 2001. potential for long-term growth and ignores many aspects of its current financials.
The authors are with the Department of Information Systems, Stern Schéakrnet stocks, for example, are currently evaluated from a growth perspective

of Business, New York University, New York, NY 10003 USA. although investors are beginning to look more closely at company fundamentals
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Fig. 1. CAR-SP500 (90-97).

(ANN), genetic algorithm (GA), classification and regression It has been pointed out that the abnormal CAR following an-
tree (CART), and Naive Bayes (NB). nouncement is a violation of semistrong market efficiehéy.

In the next section, we review prior research on event studiesmber of explanations have been proposed for this phenom-
and establish definitions for earnings surprise. In Section IBnon, which has been persistent for a long period of time in
we describe the variables and the selection process used infth@ncial markets (see [33]). This research focuses on prean-
study. In Section IV we provide a brief description of the genetimouncement, where the objective is to classify a company as
algorithm, in particular, its concept class representation. Resyitssitive, neutral, or negative surprise a specific number of days
are presented in Section V. We conclude with an explanationtEfore announcement. In particular, we address the following
the observed results. guestions:

1) How accurately do various methods classify a case into
Il. PRIOR RESEARCH one of the three categories prior to announcement? That
is, which method is the most accurate in estimating the
probability that a firm will have good news or bad news
D days prior to the announcement, i.e.,
P (good news at event day [Tinformation available

Fig. 1 shows the relationship between prices and expected
and actual earnings. It shows the cumulative abnormal return
(CAR) of SP500 firms from 90 days before the earnings an-
nouncement to 90 days after the announcement. The chart is

based on eight years of data from 1990 to 1997 of S&P500 l;ntgl c(ijay T-D) dav i . ilabl i
firms, eliminating survivorship bias. A similar effect was noted dafy{ill' %‘;WS atevent day Tnformation available unti

by [19] between January 1989 and December 1993 on stocks in
the Dow Jones index. Differences between the reported earningg
and consensus forecast earnings serve as the basis for classi-
fying stocks into three groups: good-news firms, no-news firms,
and bad-news firms. It has been demonstrated that each group

exhibits distinctive cumulative abnormal returns in the prox-

imity of the earnings announcement day in the following way4: Event Studies Relating Change of Earnings and Change

1) Preannouncement drifton average, 30 days (or more)Of Returns

before the earnings announcement day, the CARs ofThe fact that prices change in anticipation of earnings has
good-news firms gradually drift up to the announcemefeen apparent for some time. For evidence in the accounting
day, the CARSs of the bad-news firms drift down, and théterature, see [8], and [22]. They argue that events such as
CARs of the no-news firms are around zero. long-term sales contracts affect the market's expectation of
2) Announcement day effeain average, good-news firmsfuture earnings and cash flows, and stock prices reflect these
have big price jumps, bad-news firms have big priceevised beliefs. It is believed that growth opportunities facing a
drops, and no-news firms have no big price movemeriigm are reflected in current stock prices, but are not generally
on announcement day. reflected in current earnings. Therefore, returns are expected to
3) Postannouncement drifon average, the CARs of thelead earnings changes. In other words, price changes could have
good-news firms drift up all the way to 70 days after theéome predictive power with respect to future earnings. These
earnings announcements. The drift of the bad-news firR§ce changes happen while analysts are revising earnings
is less obvious. Again, the CARs of the no-news firms a@stimates and the company itself is releasing information to the

almost zero. market.
Abarbanell [1] shows a statistically significant positive asso-

ciation between the sign of cumulative returns and the sign of

) How accurately do the various methods forecast the mag-
nitude of returns between now and announcement day?
The number of days before announcement was varied be-
tween ten and 40.

2CAR is defined formally in Section II-C (8). Itis the return of a stock adjusted 3Semi-strong market efficiency means that all publicly available information
by factors such as the return of the overall market. is reflected in prices.
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subsequent earnings revisions for value line data. He also déth high P/E ratios have lower sample returns than would be the
signs a statistic to test whether analysts’ forecasts fully reflemdse if the market portfolio was mean-variance efficient. Banz
the information in prior price changes [10] documents the size effect: small size firms have higher
sample mean returns than would be expected if the market port-
folio was mean-variance efficient. Fama and French [36] find
— freq[Error < O] Return < 0] > 0. (1) that firms with high book-to-market ratios have higher average
returns than is predicted by the CAPM. Jegadeesh and Titman
fffind that a portfolio formed by buying stocks whose value

freq[Error < 0] Return > 0]

The above expression says that analysts tend to revise estim

upwards when returns are positive and downward when they gIe; e jined in the past and selling stocks whose value has risen

negative. in the . :
. past has a higher average return than the CAPM predicts.
Elgers and Murray [34] evaluated the relative performanceThe single factor model states that the return of a stock is
of financial analysts’ forecasts (FAF) and price-based forecaﬁﬁ

. ~~ Tinearly related to the market return.
(PBF) of expected earnings and abnormal returns. Their first y
model tests the forecasts of expected earnings Ry=ca;+8; %R+ e (6)

EPSjy = fot+ Pre* FAF; 1 + P24« PBFj1 + pij: (2)  where theR,,,, is the market return at timeand thes; is the
error term for time period. These models are not intended to

where . o ) )
’ . o _ provide any predictive power of the earnings surprise events
EPSjy percentage earnings change for fijrin yeart; which can be explained by the following two reasons:

PBF;, price-based prediction of percentage earnings _ .
* Both models state the “current” relationship between a

change for firmj in yeart; . o
stock’s return and the market return. Since this is not a

FAF;, financial analysts’ forecasts for firphin yeart. ' X . 8 .
They show that both forecast sources do in fact contain unique '€2ding or lagging relationship, we can not use this pe-
riod’s market return to forecast next period’s stock return.

information that is relevant to explaining actual changes in earn- ; ) X
« Even if we use this period’s market return to forecast next

ings. -
Their second model addresses the potential combination of P€riod’s stock return, we cannot expect the forecast to be
accurate since it ignores events specific to a stock such as

financial analysts and price-based proxies for unexpected earn- ; -c
earnings revisions or announcements.

ings
The above limitations have motivated the development of
SAR; = PBos + P * UErarj+ + Pot *UEppr, it + 15+ multifactor models, such as the BARRA model [11], that
(3) incorporate additional risk factors such as firm size, industry

sector, etc into the model.
whereSAR; , is the size-adjusted abnormal return for figrin

yeart, andl/ E is the unexpected earnings measured using FAF: Multifactor Pricing Models

or PBF forecasts. They show that neither forecast source is Supyjor research indicates that the CAPM beta does not com-
perior in any size group. The two forecast sources are USQfU';ﬁ'étely explain the changes of expected asset returns. Rather,
complements; a linear composite of both measures accountsdgfiain groups of stocks are affected by common “risk” factors.
a greater proportion of the cross-sectional variability in securigy, example, weather patterns would affect commodity stocks
_returns than does either individual measure of unexpected eg{{yre strongly than automobile stocks. Ross [66] introduced ar-
INgs. bitrage pricing theory (APT) as an alternative to the CAPM by
B. CAPM and Single Factor Pricing Models allowing for multiple risk factors other than just “the market.”

Unlike the CAPM, the APT does not require the identification
Sharpe [69] and Lintner [56] show that if investors havef the market portfolio, but that

homogeneous expectations and optimally hold mean-variance

efficient portfolios then, in the absence of market friction, the Ri=a;+bixf+e (1)
market portfolio will be a mean-variance efficient portfolio.

Here the mean-variance efficient portfolio is a portfolio withVhere
the highest expected return for a given level of variance. For™ " return for asse;

this version of the capital asset pricing model (CAPM) we have % intercept of the factor modell; - )
for the expected return of asset ; (K = 1) vector of factor sensitivities for assgt

bi
! (K * 1) vector of common factors;
E[R;| = R + Bim(E[Rw] — Ry) 4) g;  errorterm.
Bim = COMR;, Rn]/Var[Rom] (5) The underlying theory of the multifactor pricing models does
not specify the number of required factors. One empirical ap-
whereR,,, is the return on the market portfolio, aft} is the re- proach is to repeat the estimation and testing of the model for
turn on the risk-free asset. The CAPM implies that the expectadrariety number of factors and observe if the tests are sensi-
return of an asset is linearly associated with, the covariance tive to increasing the number of factors. For example, Lehmann
of its return with the return of the market portfolio. and Modest [54] demonstrate empirical results for five, ten, and
Basu [12] reports the price-earnings-ratio (P/E) effect, whet® factors. They show minimal sensitivity when the number of
firms with low P/E ratios have higher sample returns, and firnfactors increases from five to ten to 15. Similarly, Connor and
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Korajczyk [24] find little sensitivity to increasing the number olabnormal returnAR,,, to be the difference between the esti-

factors beyond five. mated normal returns and the actual returns and the cumulative
Multifactor models of security market returns can be dividedbnormal return to be the sum of the abnormal returns

into three types: macroeconomic, fundamental, and statistical

factor models. Macroeconomic factor models use observable ARj = Rjy — (o + B % Bpy) = €4 (11)

economic time series, such as inflation and interest rates, SAR;(1,, 1) = ARjra + ARj1q11 + - AR; 1. (12)

measures of the pervasive shocks to security returns. Funda-

mental factor models use the returns of portfolios with observedWe, however, define the cumulative abnormal return from day

attributes such as dividend yield, the book-to-market ratio, affil to 7 to be

industry membership. Statistical factor models derive their fac-

tors from a factor analysis of the covariance matrix of security =~ CAR;(T4o,13) = (1 4+ ARjra) * (1 + AR} 1a41)

returns. w -k (14+AR;1p) — 1. (13)

D. Other Multifactor Models We do not choose the additive form of CAR since the CAR
Reference [15] proposed a two-factor model to testthe inverdaould be multiplicative, which can be gignificantly diff\_"-;rent
relation between drift and firm size: from the sum of abnormal returns, especially as the holding pe-

riod becomes longer.

CAR = by + by x SUE + by x SUE * Stze + error.  (8) E. Earnings Surprise

In (8), CAR is the postannouncement driff[/ £ measures  There are several different definitions of earnings surprises.
the standardized unexpected earnings,$ixd represents firm Fosteret al.[37] propose the forecast error measure:
size. The coefficients; andb, were statistically significant with
b, positive andb, negative, confirming the previously docu- Forecast Erroryy = (Qu — E(Qir))/1Qie]  (14)
mented inverse relation between size and drift.

Fosteret al. [37] use the following two-factor regression to

probe the relative importance of the earnings forecast error vdri@nd £(Qi:) is its expected eamnings. The problem with this

able and the firm size variable in explaining the sign and mafjiéasure is that it gives highly positive or highly negative values
nitude of CAR: when@);; is close to zero. Thus even when expected and actual

values are only slightly different but close to zero, the measure
CAR = a+ 1+ FEP + By FSQ +crror  (9) 1S highly unstable. Accordingly, we modified their measure by

adding theE(Q;+) term in the denominator, as follows:
whereF' E P is coding from 1 to 10 of the earnings forecast error, A ‘ ‘ ‘
and F'SQ is a coding of the firm size quintile. FEir = (Qie = B(Qi)/(1Qut] + [E(Qie)])- (15A4)

They find that the more positive the unexpected earnings-l-his is a better “

change, the more positive _the post-announcement CAReen—1 and-+1, Also, when(;, is close to zero and(Q;,)
Furthermoret,érAeRsmaller the firm size, the larger the POSt-401 6t close to zero, the denominator will not be close to zero. A
houncemen : small disadvantage of this measure is that it takes the extreme

Francis and Soffer [38] use a multifactor model to inveStliaIues of+1 and—1 even when expected and actual earnings
gate market reaction to earnings forecast revisions, stock recqps

. S . . ~dré of opposite sign regardless of magnitude. It, therefore, em-
mendations, revisions in stock recommendations, and earni

f - Thev find th K . I ,‘f‘;\sizes the fact that a surprise is “positive” or “negative” re-
orecast revisions. They find that market reactions to analysfs, .qiess of the degree of the surprise.

reports are significantly related to both earnings forecast re Mendenhall [60] defines the earnings forecast errors (ERR)
sions and stock recommendations.

. .to be
Abarbanell and Bernard [2] use the multifactor regression
model to present evidence that analysts’ forecasts under-react ERRy = (Qi — E(Qi))/ P (15B)
to recent earnings

here;; is the actual quarterly earnings of firmin period

normalized” variable whose value varies be-

wherePF;; is the common stock price.
FE=a+p*xFE_1 4+ ox FE_» We have experimented with both the FE and ERR measures.
+Bax FE_ s+ fyux FE_4 (10) Itturns out that they are highly correlated, i.e., greater than 0.9.
In this research, we therefore use FE as the dependent variable
whereF E_,, represents the forecast erfgrquarters ago. They for earnings surprise.
show that earnings forecast errors are positively autocorrelated
over the first three lags, with declining magnitude. Ill. RESEARCHDESIGN

The time line below shows the relevant decisions, events and
E. Market Model CAR actions. Day T is the earnings announcement day. Dap T
The market model for the return of securjtyn event timet  the day on which we forecast earnings surprise and the future
isin (6). Prior research, such as [37], [25], and [68], defines thisk-adjusted return. If we wished to trade, we would initiate a
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position on day FD and liquidate on day T+M. For the trading on cash flow, not on traditional accounting measures of
strategy, the “holding period” is therefore M+D corporate performance such as price/earnings ratios since
such measures are highly amenable to manipulation.

Decision Day Announcement Clear all HOLT argues that over the past three decades, histor-

Day positions ical cost accounting conventions and large fluctuations

| in the level of inflation have greatly reduced both the

| comparability and usefulness of earnings based ratios.
Accordingly, HOLT’s measure of performance is a cash

flow return on investment called CFROI [58]. CFROI is

defined as the inflation adjusted gross cash flow of the

|
|
T-D T T+M.

In this study, we varied D between ten and 40 days. For an . : . : )
. . s - business vs. the inflation adjusted gross investment of the
investment manager, the choice of D is critical. Predicting too business (cash in vs. cash out
early will results in a high error rate while waiting too close to ( ' ) )- .
announcement day is easier but foregoes potential returns. 1€ complete dataset consisted of 36204 records, which
was partitioned into two subsets, a training and a test set.
The training set consisted of 24140 records and was used
_ . for variable selection, and for model building. The test set
~ The data used in this research were from commonly usgghsisted of 12164 records. The models generated from the
industry sources, namely, CRSP, I/B/E/S, DAIS (now part @faining set were tested on randomly selected samples from the

Bridge), and HOLT Analytics. Each of these sources providgsst set, thereby giving us a performance distribution for each
different market indicators including balance sheet data, analygédel on data that were not used to build the models.
expectations and revisions, and prices and volumes. The various
indicators of interest generally have a low degree of correlatign variable Definitions
with FE. Our objective is to discover those models that combine.l_he otential number of input variables that could be in-
the indicators in a way that maximizes predictive accuracy anFI poten P
coverage, i.e., you want to make predictions when you are mgslfqed in this research was very large. For example, [3] de-
; T ) cribes hundreds of technical variables that can be constructed
likely to be accurate, and at the same time you want to make . : . .
redictions as often as you can fom a time series. If several different interval lengths are used
P X for each, we can end up with thousands of independent vari-
The data cover 12 years, from 1986 to 1997, of stocks

I

. - . arbles. In order to keep the problem tractable, we focused on
the I/B/E/S universe, which consisted of roughly 3600 stocks Shout a dozen technicgl fungamental and “expectation-based”
1986 and 5700 stocks in 1997. The stocks covered most com- ’ ’

monly among the sources tend to be the ones followed most\ﬁa”ables commonly followed in the investment community, and

A %’ed a heuristic for variable selection from within this set. The
analysts. This includes the S&P500, covered by all, plus rougfﬂgsic selection mechanism we used was to include variables that

200 additional stocks that have sufficient market capitalizati%wemonstrated some dearee of istent lati ith the d

and liquidity to be of interest to institutional investors. The fol- . gree ot consistent correlation wi € de-

lowing data sources were used. pe.ndent.varlable, even though the correlguon might be weak. In
o i o _.this section, we describe the chosen variables.

» CRSP: provides information on individual U.S Securities  The variables can be classified roughlyexpectation-based,
traded on the New York Stock Exchange, the Americagingamentals-basedndtechnicals-based he first set consists
Stock Exchange and the Nasdaq Market. For each secuiphggregated statistics about expected prospects expressed by a
there are five kinds of data: identifying data (i.e., namey o of analysts. The second are derived from accounting state-
cusip, ticker, SIC code), price history, trading volume, OUinents, which are meant to express the current financial health
standing shares, and a returns history. _ and risks of a company. The third set consists of moving aver-

* IIBIE/S: the I/B/E/S historical database provides quagiges based on historical prices and volumes, which express the
terly earnings information, such as quarterly earnings aRgative strength” of a stock or sector.
earnings report dates, and monthly data, such as numbey) pependent VariablesTwo dependent variables were
of earnings estimates, earnings forecast revisions, and {ig.q, namely, forecast error and the future D-day risk-adjusted
consensus earnings forecast. I/B/E/S also provides Qgg,rm where D was varied between 10 and 40.
tailed earnings estimate history (identifying each analyst) a) FE: Forecast Error: was previously defined in (15A)
which contains over 12 years of forecast changes for U.S.
companies. It encompasses earnings estimates from more FE; = (Qi — E(Qi))/(1Qi] + | E(Qi))) (15)
than 200 brokerage houses and 2000 individual analysts.

+ DAIS: DAIS provides metrics based on the moving awhereQ;; is the quarterly earnings of thith firm in periodt and
erage of analyst earnings revisions, and adjusts these baged,,) is the expected earnings of tit firm on the earnings
on the return behavior of the stock [26], [27]. These me&nnouncement day. This measure gives values betwéend
rics are based on multivariate regression models that take, where the extreme values occur whep and E(Q;,) are
analyst expectations and recent price action as inputs. of opposite sign.

* HOLT: HOLT is one of the more comprehensive sources b) F20: Future 20-day risk adjusted return
of fundamentals-based information. HOLT's basic
premise is that the market ultimately sets prices base&20,; = Cumret;(t +1,¢+ 20)/Stdev;(t + 1,t 4+ 20) (16)

A. Data Sources
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whereCumret;(t + 1,¢ + 20) is the cumulative return of the leverage and weak balance sheets would have higher discount
¢th firm from day¢ + 1 to ¢ 4+ 20 and Stdev;(t + 1, + 20) is  rate differentials. The reader is referred to [58] for a discussion
the standard deviation of return of tktl firm from dayt+ 1 to  of this variable. We used three values, from the current month,
t 4 20. This variable measures each model’s forecast ability @ame month ago, and two months ago.
the profit and loss of a one month holding period. h) Size: Each stock’s market capitalization was computed
2) Expectation-based Independent Variables: and percentiled. Size has been shown to be moderately corre-
c) ER: Estimate Revision Indexthe DAIS group’s lated with firm performance during several periods in the last
global estimate revision score is a predictive multivariatievo decades. Several hypotheses have been proposed for this
earnings momentum model which uses three month changéfect, the most recent one in the practitioner community being
in consensus earnings estimates, the net change of raifed investment fund managers tend to favor larger stocks be-
versus lowered estimates, and the changes in the high and tmuse they tend to be more liquid, which has a significantimpact
estimates to forecast unanticipated earnings [27]. The reseasatthe costs of accumulation and divestment. In effect, liquidity
in this area suggests that changes in consensus earningsitaedf has economic value.
weakly correlated with companies’ actual performance. Three4) Technicals-based Independent Variables:
time series values were used, the value of the ER index in the i) Industry trend: is defined as the risk-adjusted return
current month, one month ago, and two months ago. of an industry group. To compare the industry trends among
d) F1 and F2: Forecast Risk Factor Indexe3he DAIS industry groups, we grouped stocks according to the S&P
group also produces a “Forecast Risk Factor Model” indemdustry classification and ranked these risk-adjusted returns
based on consensus estimate revisions and earnings surpesesy month. We selected ten, 20, 30, and 60 days industry
over the last three months. Two forecasts, F1 and F2 drends as the input variables. Industry trend has been shown to
produced where F1 is the value for the current fiscal year aaghibit serial correlation. An explanation for this correlation
F2 is the F value for the next fiscal year. We use three valussthat business cycles tend to last several years, and sectors
for F1 and F2 based on the current month, one month ago, dhdrefore tend to do well or poorly for several quarters in a row.
two months ago.
e) Analyst Forecast differenced/B/E/S provides the C. Variable Pruning Heuristics
number of analysts that forecast a specific company’s next

. . In order to make the problem more tractable, we attempted to
quarterly earnings. I/B/E/S also provides the number of ana- L : .
lvsts that recently made uoward earmninas estimate revisiorr?duce the search space by eliminating variables that by them
gnd the numberyof anal Srf[s that recer?tl made downwasrgﬁves’ or in interaction with others, are unlikely to have a major
. . inaly y o |m5?act on the dependent variable. We used the training data to
earnings estimate revisions. We constructed this independen : . : .
rer;nove independent variables that are highly correlated with
t

variable, Analyst Forecast differences, to be the number g ers and/or have low correlation with the dependent variable.

L . Q0
upward revisions minus the nl,'lmber' of qownward reVISIOnlg'urthermore, independent variables that did not have persistent
We included three periods of this variable: current month, one . . ; L

correlation with the dependent variable in this dataset were also
month ago, and two months ago.

3) Fundamentals-based Independent Variables: removed.

f) Cland CF: HOLT value associates computes the cas 1) Re.movmg_ Low Correlation VanablesTr_\e Rank Order
. o ; orrelation, which does not assume normality of the data, was
flow return on investment, Cl. The Cl number, which is adjuste

used to measure correlation among the variables. Fig. 2 shows

for inflation and for material accounting distortions, Calculatet% . L . .
. . e correlation coefficients between independent variables
company performance in terms of a cash-flow-return-on-invest-

ment. It provides an indication of the degree of latitude thatand one dependent variable, FE on the training data. These

) . N - arts show that Cl and discount rate differential have low
company’s management has in deploying its “free cash” whic . - . )

. rank:order-correlation coefficient with FE, suggesting that they
is the cash left over after expenses and necessary expenses an : ; o

. ; ; could be removed from the attribute set without sacrificing
investments. The details of Cl are beyond the scope of this paper

and the reader is referred to [58] for a full discussion of this Var?_réd_lctwe POwer. Ir_] retro;pecfc this makes sense given the
elatively short holding period (i.e., 20 days) and the fact that
able. HOLT also computes the momentum of ClI, based on the , o
; ! ese fundamentals based variables change only periodically,
Cl history that is referred to as CF. : ) : X
N . . . when a company discloses financial statements. All variables
Cl is a “fundamental” variable in a sense that it is based on . .
) . with correlation below 0.05 were removed, narrowing the set
the accounting data. Rather than relying on measures of per- :
. ) 10 24 variables.
formance like EPS and ROE, company income statements an . . i .
. Removing Mutually Correlated Variablesthe following
balance sheets are converted into a cash flow based measure ﬁables were observed to be sianificantly correlated:
performance. We chose three values of Cl and CF, based onfhe 9 y ’

current month, one month ago, and two months ago.

g) Discount Rate DifferentialHOLT also computes a Varl Var2 Correlation-Coefficient
discount rate differential, defined as the difference between the  Feqn1 ERRqgn1 0.967 380
market discount rate and the company-specific discount rate. Feqn2 ERRQn2 0.967 150
Conceptually, this measures the additional return a company  F1n0 F2n0 0.614 062
would be required to pay on debt relative to the average return Finl F2nl 0.610702

required for that market. For example, companies with higher F1n2 F2n2 0.586 567.
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Fig. 2. Correlation between forecast error and independent variables.
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Fig. 3. Yearly correlation between forecast error and the most recent earnings revision.
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Fig. 4. Correlation between forecast error and ten-day industry strength.

Accordingly, ERRgn1, ERRgn2, F2n0, F2n1, and F2n2, were More formally, persistency was measured as the ratio of the
removed from consideration, leaving us with 19 variables. average yearly correlation over a period to the standard devia-
3) Removing Variables with Low Persistent Correlation during this period
tion: We would like to keep variables that have relatively
higher and persistent correlation with the dependent variabld’ersistency Measure: Average (Y early Correlation)/
Fig. 3 shows the yearly correlation on in-sample data between g¢4 (Yearly Correlation).
FE and one of the independent variables, namely, the most
recent earnings revision score, ERnO. Their yearly correlationFig. 5 shows this persistency measure of the candidate vari-
coefficients varied between0.195 and—0.257, reflecting a ables. We dropped variables with absolute values below 2. The
fairly high and stable yearly correlation. A similar analysis wathree lowest values are for ten-day industry trend, ClI, and dis-
done for the other candidate variables. count rate differential. The last two were already removed ear-
Fig. 4 shows an opposite case, of relatively low correlatidier because of low correlation with FE. In this step, we therefore
and low persistence in correlation, in this case between FE aethoved the ten-day industry trend, leaving a total of 18 vari-
the ten-day industry strength. ables.
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Fig. 5. Correlation persistency between forecast error and independent variables.

In summary, we started with 30 variables that are followetd be maximal. By Bayes rule
commonly in the industry and narrowed down this set to 18
using the filters described above. PC =clAi =ai A AN Ay = ax)
. Pr(Al =ayi N--- AN Ag :ak|C:c)P(C:c)
o PriA; = a1 A--- AN Ap = ayg).

[V. NONLINEAR METHODS ) _ ) _
_ o _ o Since the denominator is the same for each class, we can ig-
Linear regression is used as the benchmark since it is a stagre it and rewrite the conditional as

dard econometric technique used in virtually every previous

event study. We compare linear regression with an ANN, a Prld; =a; A--- A Ax = ax|C =¢)

genetic learning algorithm, a tree induction algorithm called =PrA; =ay|As =az A+ A Ay = ap, C = c)
CART, and a “Naive Bayesian” learning algorithm. _ _ _

One of the basic differences in the above methods is the Pridz =az A A A= alC =),
functional form of the learned model. For regression and neuralRecursively, the second factor above can be written as
networks, the data are used to estimate the parameters of a
prespecified functional form (linear for linear regression and Pr(Ay = aslAz = a3 A --- AN Ay = ax|C = ¢)
piece-wise nonlinear for neural networks). With tree induction Pr{As=asA---ANAp = ai|C =)
and genetic algorithms, the output consists of explicit “rules”
whose left-hand side corresponds to Boolean expressidiil SO on. With the naive assumption, we assume that
defined over the independent variables and the dependent
variable is a prediction such as “positive surprise” or “3% Prlid; = aifd2 =ax A- - ANAv = @i, O =)
expected return over the next 20 days." =Pr(A; = a;|C = o).

The tools used for performing regression, neural modeli
Bayesian learning, and tree induction are widely available, ::f&us
more impqrtantly, 'the representation of the learned model is Pr(A1 = a1 A A Ay, = ax|C = ¢)
standard (i.e., weights for linear regression and neural nets, _ _ _ _ _
trees for tree induction, and conditional distributions for Naive =Pl = a;|C =) - Pz = a2|C = ¢)
Bayes). For linear regression and neural networks, the software P4y = ai|C =)
used was from Kennedst al.[73]. For the neural network, the . . .
standard backpropagation algorithm was used with one hida%%d each product above is estimated from the data simply as
layer and double the number of hidden nodes as inputs (the 4 count(A; = a; AC = c)
default), and three output nodes for earnings surprise prediction Pr4; = aj|C = ¢) = count(C = c)
and one for returns. For tree induction, we used the Salford
Systems version of CART, which is described by [17]. The As can be seen, the relevant conditional probabilities are com-
Naive Bayes algorithm was implemented in Perl. puted easily from the learning dataset. _

Naive Bayes makes the assumption that given a class, thé” contrast, the genetic allgonlthm uses rulles as its represen-
value of each variable imdependenof the value of other at- tation, where the left-hand side is a conjunction of Boolean ex-
tributes (this is the naive assumption). So, if our objective is R§€SSions and the right-hand side is the predicted class. For ex-
classify a datum into a class, where the datum is described®ple, a discovered rule is of the form:

terms of attributesd;, As, - - -, Ax, and we wish to predict its “if the ER index is greater than thth percentile and
class value:, we want theN day industry trenéxceedsS standard deviations
then

the company will delivelan earnings surprise of type
Pr(C = C|A1 =a  N---NA, = ak) T.”
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Given this type of rule template, a discovery algorithm would TABLE |
attempt to fill in the blanks denoted by the italicized phrases. For THE CONCEPTCLASS REPRESENTATION
example, it might find the best results occur whgis 90, when

N is equal to 605 is 1.5, is positive, and so on. Concept Representation
As we can see, the search space of possible rules is extreme___
large even for this trivial example with only a few variables. It Variable|Constant/Operator Gene

should also be apparent that the representation used by the d
covery algorithm can deal easily wiithequalityconditions such
as “at least 2%,” “between 2 and 5%,” “less than 2 or greatelUnivariate predicate (Single "conjunct") Set of Genes
than 10,” and so on. In other words, it does not require us tc
discretize the data into bucketsriori like the Naive Bayes al-  Example: MAs > 10
gorithm which is suitable for dealing with equality conditions
only.

Table | shows the representation of patterns used by the géMultivariate predicate (Conjunctive pattern) Chromosome
netic learning algorithm. Each patternchromosomerepre-
sents a specific rule. The genetic algorithm works with multiple Example: MA3 > 10 AND MA;o < 5
hypothesized rules, which make up fispulation A popula-
tion at any point in the search is a snapshot of the solutions th
algorithm is considering. The algorithm iterates, modifying its
population with eaclgeneration Each pattern (chromosome) is
an expression defined over the problem variables and constaRtsse at the same time and exchanging pieces of them, the GA is
using the relational operatoegual, greater-thapandless-than  able to conduct a more thorough search. This additional power
and the Boolean operataasd, or, andnot At the implementa- in search occurs at the expense of speed. For more details and
tion level, chromosomes are queries issued to a database. CH[§cussion of the genetic algorithm, see [30].
mosomes in turn are composed of constraints defined over indi-
vidual problem variables. These are represented as sgenes V. RESULTS

At the lowest level, a gene represents the smallest element of a _
constraint, namely, a variable, constant, or an operator. We report the results from two sets of experiments that were

The above representation is equivalent to that of tree indJin on the test set consisting of 12164 records. In the first set

tion algorithms such as CART in that a chromosome (rule) f €xperiments we randomly selected roughly half the com-
equivalent to a path from a root to a terminal node in a ded@nies for predicting surprise 20 days before the earnings an-

sion tree. In addition, however, a constraint on a single variafl@uncement, using forecast error as the dependent variable. We
can be a disjunct, such a8f4s, < 10 ORM Az, > 90." It repeated these experiments 50 times using random subsets of
should be noted that our systetoes notepresent knowledge in companies in order to generate each method’s performance dis-

the manner commonly associated vgénetic classifier systemstribution. . _

[44], [48] where individual chromosomes may represent sub- N the second set of experiments we varied the forecast day

components or interim results that make up some larger ch4hP€ tn, 20, 30, and 40 days before the earnings announce-
of reasoning represented by groups of chromosomes. We vigignt and chose two dependent variables: forecast error, and the
genetic search simply as an alternative algorithm for searchifigf¢-diusted return from the forecast day to the earnings an-

the rule space—one with particular, attractive properties that jguncement day. The main objective of these experiments was
discuss more fully in the results section. to compare each method'’s average performance over problems

For determining fitness, chromosomes can be evaluated bag@&aryln% dlfflcult.y.bl g o g
on criteria such as entropy, support, confidence, or some comP€Pendentvariables were preprocessed into 3 bins. A depen-

bination of such metrics. By controlling the numbers of corf€nt variable was assigned to value 1, 2, or 3 if its Z score, or
strained variables in chromosomes, genetic search can be bid¥gnalized value, was less thaiD.5, bereen—O.S and 0.5, i
to look for patterns of a desired level of specificity. This is a p&f dreater 0.5, respectively. We categorized the dependent vari-

rameter that we can manipulate to control (to some extent) tﬂléles because Naive Bayes does not handle continuous values.

degree of variable interactions, or nonlinearity, we want the al-
gorithm to be capable of discovering in the data. A. Results on 20-day FE

While the recursive partitioning and GA classifiers are equiv- The testing data set for these experiments had 12 164 records.
alent in terms of how they impose splits on the data, one ©he dependent variable, FE, was categorized into three bins. Bin
the major differences is in how they search. The most impdk; representing negative earnings surprise, had 1624 records, or
tant difference is that the GA iswltivariatein nature in that 13.35% of the data. Bin 3, positive earnings surprise, had 1546
it can try several splits at the same time instead of relying orrecords, or 12.71% of the data. Bin 2 was no surprise and con-
greedy heuristic that results in an irrevocable split. This is ha&ined 8994 records, or 73.94% of the data. In other words, the
the chromosome is able to evaluate an entire path in a decisiorconditional distribution (or priors) was roughly 1:6:1. We fo-
tree from root to leaf node, in effect imposing splits on variablesised only on bin 1 and bin 3 forecasts since they represent earn-
in parallel instead of sequentially. By manipulating hundreds ofgs surprises. All results below are reported on the test data.

Example: 30-day-moving average of price (MAzy)

Example: MA3p < 10 OR MA3p > 90

Multiple Patterns Population
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Fig. 6(a) and (b) shows the means and standard deviations of 8% <

the predictive models from each of the methods on the testing g% BActual 1

data for negative surprises. The bars in Fig. 6(a) add up to the : BActual 2
i 4% OActual 3

total percentage of negative forecasts made by each method. For u

example, the third set of columns in Fig. 6(a), for CART,addup 2% |
to roughly 6%, which is the sum of CART’s forecasts of negative 0% .
earnings surprises. Of these, the actual distribution was 2.58% RA NN CART NB GA
in bin 1 (correct), 2.02% in bin 2, and 1.38% in bin 3 (Table ). (a)
If we assume that the serious errors are those where negative 1.0%
forecasts are actually positive and vice-versa (ignoring neutral
actuals), we would like to see this ratio of the first to the third

: . 0.6%
bar be as high as possible. 0.4%

There are three commonly used criteria to evaluate models: g 5o,
accuracy, cover ratio (also called support), and variance. High 0.0%
accuracy means that the percentage of corre.ct forecasts is high. RA NN CART NB GA
A high cover ratio means that the model applies to a larger pro- )
portion of the database. A low variance shows that the forecast
results are similar across experiments. From the above figures, 8% 1

BActual 1
B Actual 2
OActual 3

0.8%

we can see that linear regression gives a very low support for 6% 23:::;
negative earnings surprise. The neural network and CART have 4% DActual 3
slightly higher support, but less than half of that produced by <
Naive Bayes and the GA. Compared to NB, the GA has higher 2% }
support and comparable accuracy for negative surprises. 0%
Fig. 6(c) and (d) display the means and standard deviations RA° NN CART NB GA
of the models on testing data when the forecast is a positive (c)
surprise. The linear regression method fails to forecast bin 3 go,
records because it predicts the majority class in this case. ANN ‘
and CART again have low support, about half that of NB. The 0.6% BActual 1
GA has a much higher support than the other methods and much 0.4% + ;22:”:: 2
U

higher accuracy as well, although it has a high misclassification g e,
error on bin 2. 0.0% | ,
. . . B (4 .
It is instructive to check whether the fprecasts of'these RA NN CART NB GA
methods are any better than pure guessing. The chi-square @
test is suitable for testing this hypothesis. Let us first consider
(a) Forecast mean, negative surprise. (b) Forecast standard deviation,

CART's forecasts as an example to test this hypothesis. Fig. 6. : > :
negative surprise. (c) Forecast mean, positive surprise. (d) Forecast standard

Tables Il and 11l show the mean forecasts of CART on Fhleviation, positive surprise.
For example, CART forecasts 728 records to be bin 1, negative

earnings surprise. Of these, 314 records are actually bin 1, 246 TABLE I

records are bin 2, and 168 records are bin 3. CART'’s FE FORECAST IN%
Table IV displays the FE distribution in the testing data. There Actual

are 13.35% datain bin 1, 73.94% data in bin 2, and 12.71% data

in bin 3. 1 2 3 total
Table V shows the expected results fro_m pure guessing. If we Forecast 1| 2.58% 2.02% 1.38% 5.98%

randomly pick 728 records from the testing data, we expect to

get 97 records of bin 1538 records of bin 2, and 93 records of bin 3| 0.38% 0.63% 0.68% 1.69%

3. Similarly, if we randomly select 206 records from the testing

data, we expect to get 28 records of bin 1, 152 records of bin 2,

and 26 records of bin 3. 704.42 and 173.54 are strongly suggestive that CART performs
To test the hypothesis, we used Table V as the expected ressigmificantly better than random guessing.

of pure guessing and Table Il as the observed results of CART'sThe other Chi-square values are as follows: RAs are 289 for

forecasts, ignoring the middle column. The chi-square value mégative and O for positive; NNs are 652 for negative and 127

CART's forecasts on negative earnings surprises is 704.42 dadpositive; NBs are 979 for negative and 342 for positive; GAs

on positive earnings surprises is 173.54. From the chi-square 900 for negative and 477 for positive. In summary, all are

distribution table, the probability that the chi-square value @gnificant, except for linear regression on positive surprises,

greater than 9.2 due to chance alone is 1% and the probabilitigere it makes no predictions.

that the chi-square value is greater than 19 due to chance alon@/hile the nonlinear methods all provide significant results,

is equal to 0.01% at 2 degrees of freedom. Clearly, the valuedioére is substantial difference between how often the various
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TABLE I
CART’s FE FORECASTS IN# OF RECORDS
Actual
1 2 3 total

Forecast 1 314 246 168 728

3 46 77 83 206

TABLE IV
ACTUAL FE DISTRIBUTION
1 2 3 total
% 13.35% 73.94% 12.71% 100.00%

#records| 1624 8994 1546 12164

TABLE V
PURE GUESSINGRESULT DISTRIBUTION

1 2 3 total

Guess 728 records 97 538 93 728
Guess 206 records 28 152 26 206
TABLE VI
RA's FE FORECASTS IN# OF RECORDS

Actual
1 2 3 total
Forecast 1 101 51 46 198
3 0 0 0 0
TABLE ViII
NB’s FE FORECASTS IN# OF RECORDS
Actual
1 2 3 total

Forecast 1 522 512 282 1316

3 96 168 172 436

TABLE VIl
NN’s FE FORECASTS IN# OF RECORDS
Actual
1 2 3 total

Forecast 1 270 186 129 585

3 34 50 57 141

917

TABLE IX
GA's FE FORECASTS IN# OF RECORDS
Actual
1 2 3 total

Forecast 1 592 718 313 1623

3 170 707 426 1303

methods make forecasts. In this respect, the GA does a lot better
than other methods. Our interpretation is that the search space
consists of several disjoint areas that provide a desirable dis-
tribution of the dependent variable and the genetic search man-
ages to find more of these areas than the other methods. It there-
fore manages to find more combinations of variables where it is
worth making a positive or negative surprise forecast.

B. Results on Accuracy and Support with 10 to 40-Day
Forecasts

In this set of experiments we varied the forecast day to be ten,
20, 30, and 40 days before the earnings announcement. To com-
pare the methods, we used the following evaluation functions
that take into account both predictive accuracy and coverage of
the discovered patterns:

Scorebinl = (#forecasthinl — #forecastbin3
— F#forecastbin2 « bin2_penalty /
#actualbinl

Scorebin3 = (#forecasthin3 — #forecastbinl
— ##forecastbin2 « bin2_penalty /
#actualbin3

where #forecast_binl, #forecast_bin2, and #forecast bin3 are
the actual number of bin 1, bin 2, and bin 3 records in a forecast.

The #actual_binl and #actual_bin3 are the total number of binl
and bin 3 records in the data. Let us take CART’s forecast on

bin 1 of FE 20 days before the announcement as an example.
From Tables Il and 1V, we have the following data:

#forecastbinl = 314, #forecasthin2 = 246,
#forecastbin3 = 168, #actualbinl = 1624.

If we set the bin2_penalty to be 0.2, Score_binl is (314
168 — 246 0.2)/1624 = 0.0596.

This evaluation function takes into account both the support
and misclassification across all categories. The more accurate
and the higher the support, the higher the score. Also, a zero
bin2_penalty indicates that the misclassification error associ-
ated with bin 2, the neutral bin, can be ignored, whereas a value
of 1 means that the misclassification error associated with bin
2 is as serious as the misclassification error associated with the
other bins.

We used 0, 0.1, and 0.2 as three bin2_penalty values. In Fig. 7,
eval 1, eval 2, and eval 3 represent the evaluation scores at
bin2_penalty of 0, 0.1, and 0.2, respectively.
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BRA
. ENN
Eval 1 ONB
BEval 2 BCART
OEval 3 BGA
1% level 0.01% level
RA NN NB CART GA Fig. 8. Number of times method produces statistically significant results.

Fig. 7 Number of imesmethod has highest score. negative and positive surprises, with somewhat more negative

(FEQ1) than positive (FEQ5) surprises. This gradually shifts

Fig. 7 shows the number of times that each method has {h& a flat distribution for the middle size quintile into an in-
highest score. Itis clear that the GA outperforms other methogisrted U-shape for the largest quintile, meaning that the largest
on this measure although itis interesting that NB does relativalympanies have the fewest extreme surprises, and in this case,
better when the penalty associated with the neutral bin is highgjere positive than negative ones.

Another way to compare the methods is to count the numberSuppose we used the following linear form to model the
of times that each method gives statistically significant foremhove relationship:
casts, namely, those where the null hypothesis is violated at
the 1% or 0.01% levels using the Chi-square test (again, ig- FE=A,+ B, +«SIZE. (20)
noring bin 2). Fig. 8 shows the number of times that each method
gives significant forecasts for two significance levels. Again, théwould not work. The more appropriate form would be
GA significantly outperforms other methods and Naive Bayes
slightly outperforms the neural net, which in turn outperforms |FE| = Ay — B+« SIZE (20A)
CART. Again, the linear model is the worst performer. These

results are consistent with the ones in Fig. 7 and earlier in t{i§ich states that thabsolutevalue of FE and firm size have
section. linear relationship.

Although the nonlinear relationship between FE and firm
sizes can be modeled using several “piecewise linear” func-
tions, prior knowledge of this relationship is needed to set

We have offered a preliminary explanation for the GAs abilitMp the model correctly. We would prefer a method tfads
to find multiple sweet spots in a search space. We now Ugf relationship for us instead of requiring us to know it.
two nonlinearities in the earnings surprise prediction problefhe GA and CART do this for us, while the other learning
to offer a fuller and more concrete explanation for the observggbthods require more inspection and analysis of the outputs
results. We discovered these nonlinear relationships by exay- comparable insight into the problem.
ining the outputs produced by the genetic algorithm. Similar re- consider a second example, namely, the forecast error this
lationships have been observed in the literature. We consi@farter, FE, as a function of last quarter’s forecast error, FEqn1.
some Of their interactions and diSCUSS Why a method that pmg 10 shows that on average the most negative Surprise com-
duceS "mu|tip|e Sma” diSjUnCtS” can be effeCtive in reVealinganies |ast quarter (FEqlel) Surprise negative|y again th|s
interesting nonlinear relationships. quarter as represented by the leftmost bar, FEQ1. This effect

We discovered an interesting relationship between earningsaiso known in the literature. However, the interesting thing
forecast error and company size. Specifically, smaller compa-that this relationship is nonlinear since many of the largest
nies tend to have largabsoluteearnings surprises than biggeiegative surprises from last quarter become the largest positive
firms. One reason for this could be that larger companies hay@prises this quarter. A similar U-shaped distribution is also
more analysts covering them, so there is “more informatioghserved for the symmetric case evident in the rightmost set of
available about them. Hence earnings forecasts for them showlfs of Fig. 10: some of the largest positive surprises from last
be more reliable than those for smaller Companies. This re%m:arter give the |argest negative Surprises th|S quarter_
is in accordance with prior research, where for example, [6] ar-Equation (21), produced by linear regression on the data

gues that the amount of private predisclosure information pretes that the forecast error, FE, increases when FEqn1 and/or
duction and dissemination is an increasing function of the firgjze increase

size. Furthermore, [7] shows that the amount of “unexpected”
information conveyed to the market by actual earnings reports' £ = 2.1824 4+ 0.234 53« I'Eqnl 4+ 0.041691 % Size. (21)
is inversely related to firm size, other things being equal.

Fig. 9 shows this effect in terms of the distribution of FE This equation shows a directionally reasonable relationship
across different firm size quintiles. The five bars correspond to the sense that on average FE increases when FEgnl and Size
the sizes of the surprises, with FEQ1 being the largest negatimerease. However, (21) does not capture the fact that the vari-
and FEQS5 being the largest positive surprise. ance of FE is large when Size Q1 and the variance of FE is

Notice how the distribution in SizeQ1 (smallest companies) gnall when Size= Q5. Nor does it recognize the fact that the
U-shaped, meaning that the smallest companies have the largasiance of FE is large when FQqn1 is in the extreme quintiles

VI. DISCUSSION
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FEQ1
BFEQ2
OFEQ3
OFEQ4
BFEQ5

FEQ1
BFEQ2
OFEQ3
OFEQ4
BFEQS

FEgn1Q1 FEqn1Q2 FEgn1Q3 FEqn1Q4 FEgn1Q5

Fig. 10. Current forecast error versus last quarter’s forecast error (1986-1997).

as discussed earlier. Itis not surprising that it does poorly at pesice on the dependent variable. The GA focuses naturally on the
dicting FE in general. more interesting cases such as highly positive or negative fore-
The GA does well because it is able to find the “small dissast errors, searching for the conditional distributions that are
juncts” corresponding to positive and negative surprises. Indeddferent from those of the overall data. In this way, it can quite
the relationships above became apparent in examining the rudesily find the above rules. The advantage of the GA over Naive
produced by the GA. These rules looked something like: Bayes is that it shows the rules explicitly instead of requiring us

IF FEgn1 is highly negative and Size is smal FE is t0 construct a theory by examining and interpreting conditional

negative, probability distributions. Interestingly enough, once we knew
IF FEqn1 is highly positive and Size is smalt FE is aboutthe rules, we could verify them roughly by examining the
positive, distributions produced by Naive Bayes.

If FEqn1 is highly negative and CFROI is negative FE Finally, it is also worth remarking that methods such as the
is negative GA are particularly useful when the objective is to make pre-

The first rule says that highly negative surprises are followetictions onlysomeof the time and be agnostic otherwise. The
by a negative surprise this quartiar small companiesThe Mmethod is effective at finding several “small disjuncts” where
second rule says that a pre\/ious extreme positi\/e Summigg each disjunct (rule) only covers a small range of conditions.
small(probably growthzompanyis followed by a positive sur- In our representation language, these small disjuncts are hyper-
prise. The third rule says that a negative surprise last quarter gges. If the algorithm is able to find enough such hypercubes,
a company is likely to be followed by another negative surpridecan cover a reasonable amount of the search space. Clearly,
for companies with weak cash-flow based return on investmeifitour problem, it was able to cover more regions of the search

The GA has a major advantage over competitors sugface than the other techniques at comparable levels of accu-
as CART that also produce explicit rules. CART works byacy.
imposing successive splits on the data, resulting in a tree where
each path from root to leaf is a rule. But there are two main
drawbacks of imposing successive splits in the data. First,
the algorithm is not able to recover from a suboptimal split [1] J. S. Abarbanell, “Do analysts’ earnings forecasts incorporate informa-
earlier in the tree. Equally importantly, since each split results tli?;n in p{g _'5;%%" Eggi changes?]” Accounting and Economicgol.
in smaller subsets of the data, the variance of the dependerm J. ‘Srfp‘AbarbaneI’I and V. L. Bernard, “Test of analysts’ overreac-
variable within each cluster gets larger. In contrast, the GA tion/under-reaction to earnings information as an explanation of
examines an entire path from leaf to terminal node as a rule. i‘?gTj‘l'gg? Sltgg[‘f price behavior). Finance vol. 47, no. 3, pp.

In essence, it searches for splits in parallel and equally impor'[:%] S. B. AcheI’is,TecHnicaI Analysis From A to.Z Chicago, IL: Irwin,
tantly, combines parts of entire paths with others to search for = 1995.

better overall solutions. [4] A. Alford and P. Berger, The Association Between Analysts’ Underre-

. . . .. action to Earnings and Postearnings-Announcement Drift, 1997.
The search in the GA is targeted to find explicit rules that [5] Asquith, Paul and David W. Mullins, Jr., “Equity issues and offering

provide a high fitness, meaning low/high means and low vari-  dilution,” J. Financial Economigsvol. 15, pp. 61-89, 1986.
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