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Abstract

I carry out an empirical analysis to recover stock analysts’ loss func ons from observa ons on forecasts, actual realiza ons
and a proxy for the publicly observed part of the analyst’s informa on set. The forecasts I use are analyst stock (buy/hold/sell)
recommenda ons for two Blue Chip stocks. I es mate an asymmetry parameter that captures the analyst’s rela ve cost from
overpredic ng versus underpredic ng the stock performance. I find that the results are sensi ve to the categoriza on of ‘hold’
recommenda ons. When subs tu ng ‘holds’ with the recommenda on from the previous period, in most cases the es mated
bounds for the asymmetry parameter suggest that analysts are more likely to issue a ‘false buy’ than a ‘false sell’ recommen-
da on. This is in line with the frequent statement from the analyst recommenda ons literature, that op mism rela ve to
the consensus is rewarded in analyst recommenda ons. By shedding light on the direc on of bias in individual analysts’ stock
recommenda ons, we can be er understand the opera on of financial markets and we can build more accurate models by
controlling for these biases.

JEL: C53, G17.

Keywords: Loss func ons, Binary forecas ng, Preference recovery.

Összefoglaló

Empirikus elemzésemben részvényelemzők veszteségfüggvényeit határozom meg egyedi előrejelzéseik, a célváltozó megvaló-
sult értéke és az elemző információs halmazának köztudo részhalmaza ismeretében. Az általam használt előrejelzések két Blue
Chip részvényre vonatkozó elemzői részvényajánlások (vétel/tartás/eladás). Megbecsülök egy aszimmetriaparamétert, amely
az elemzőnek a részvény teljesítményének túl-, illetve alulbecsléséből származó rela v költségeit ragadja meg. Eredményeim
érzékenyek a ”tartás”-ajánlások kategorizálására. Ha a ”tartás” helye az előző időszak ajánlását használjuk, legtöbbször az
aszimmetriaparaméter becsült határai arra utalnak, hogy az elemzők nagyobb valószínűséggel adnak ki ’hamis vételi’ ajánlást,
mint ’hamis eladási’ ajánlást. Ez összhangban van az elemzői ajánlások szakirodalmában gyakran szereplő állítással, miszerint
a konszenzushoz viszonyíto op mizmust jutalmazzák az elemzői ajánlásokban. Az elemzői részvényajánlások mögö torzí-
tások irányának felderítése hozzájárul a pénzügyi piacok működésének jobb megértéséhez, valamint ahhoz, hogy a torzítást
figyelembe véve pontosabb modelleket építhessünk.
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1. Introduc on

In this paper, I es mate bounds for the parameter characterizing analysts’ loss func ons in making stock recommenda ons.
In a binary variable forecas ng environment, it is possible to set-iden fy the parameter that accounts for the forecaster’s rela-
ve cost for overes ma ng versus underes ma ng the target even if the stock analyst’s informa on set is not fully observed

(Lieli and S nchcombe (2013)). In this empirical applica on of the Lieli and S nchcombe result, I use binarized stock recom-
menda ons as forecasts: buy recommenda ons account for posi ve, while hold or sell recommenda ons account for nega ve
forecasts. The forecast is compared to the one-month-ahead price performance of the stock rela ve to the market. In the
es ma on, I also use a proxy for the publicly observed part of the forecaster’s informa on set. The proxy I use is the smooth
price per equity ra o. I have chosen this proxy by following Campbell and Thompson (2008), who show that the smooth P/E
ra o could be used to predict excess stock returns once weak restric ons hold for the signs of coefficients¹.

My empirical results show high sensi vity to the categoriza on of hold recommenda ons. When I assume that ‘hold’ means
‘sell’, the es mated asymmetry parameters are rela vely high. This suggests that we can rule out analysts’ extreme reluctance
to propose a ‘sell’; they are more likely to issue ‘false sells’ than ‘false buys’. However, when categorizing ‘hold’ into the buy
category, the reverse is found: in almost all cases the highest possible values for the asymmetry parameter are ruled out. When
impu ng ‘hold’ with the previous recommenda on, again the highest values are ruled out in more than half of the cases.

While financial professionals do not all agree on the informa on content of analyst stock recommenda ons, their widespread
use and several pieces of evidence from the literature confirm that they are in fact relevant and useful forecasts for the fu-
ture performance of stocks. It has been shown that analysts’ earnings forecasts are superior to mechanical me series models
(Brown and Rozeff (1978), Bradshaw et al. (2012)). Empirical evidence also shows that recommenda ons have some invest-
ment value, as they are successful in predic ng short-run stock returns (Womack (1996), Loh and Mian (2006)). In their 1998
paper, Barber et al. document that an investment strategy based on the consensus recommenda ons of security analysts
earns posi ve returns. For the analyzed period between 1986 and 1996, purchasing stocks most highly recommended and
selling short those with the worst recommenda ons yielded a return of 102 basis points a month (Barber et al (1998)). The
statement from Barber et al. is confirmed by more recent findings as well: see Jegadeesh et al. (2004) and Green (2006).

Another straigh orward argument on the relevance of analyst recommenda ons is that brokerage houses produce and sell
them for millions of dollars every year². If they were in fact useless, why would so much money be spent on their produc on
and sale?

We can see that analyst stock recommenda ons are in fact relevant. This is also confirmed if we look at the massive a en on
analyst recommenda ons get in the academic literature (for a comprehensive picture, see the review on the financial analyst
forecas ng literature by Ramnath et al. (2008)).

We can deduct some important inference from this large body of academic literature onwhat characteris cs of analysts’ recom-
menda ons are rewarded. First, unsurprisingly, evidence suggests that forecast accuracy is important for an analyst’s pres ge
and career prospects. In their 2003 paper, Hong and Kubik relate earnings forecasts made by security analysts to job separa-
ons. They find that forecast accuracy is indeed a substan al factor in an analyst’s career outcomes, such as how pres gious is

her employer brokerage house, or what kind of stocks is she assigned to cover (Hong and Kubik (2003)). Forecasts are not di-
rectly evaluated on their accuracy, but for building reputa on and influence among the buy side, it is substan al for the analyst
to make the right calls (Hong and Kubik (2003)).

Although accuracy is important, evidence suggests that it is not everything: for the best career perspec ves, an analyst also has
to publish rela vely op mis c recommenda ons. Controlling for accuracy, analysts who issue a large frac on of forecasts that

¹ An earlier version of this paper appeared in the Spring Wind 2016 conference volume (Grolmusz (2016)).
² A first year equity analyst earned a yearly base salary of $68,200 plus a bonus of $48,100 on average in 2013, as reported by the Wall Street Oasis
2013 Compensa on Report (Rapoza (2013).
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are more op mis c than the consensus are much more likely to move up the career hierarchy ladder (Hong and Kubik (2003)).
This observa on is confirmed by Lim (2001), among others. Lim argues that incorpora ng posi ve bias in earnings forecasts is
a ra onal ac on.

Anecdotal evidence also supports the above statement. Lim argues that it is widely known throughout the financial analyst
profession that a nega ve report on a company might result in the involved company’s management limi ng or elimina ng
the pessimis c analyst’s informa on flow (Lim (2001)). Other pieces of anecdotal evidence emphasize that analysts need to
go along with the management’s op mis c projec ons, or if they do not, they risk being passed over for more loyal analysts
(Hong and Kubik (2003), Lim (2001)). The importance of following the management’s guidelines is even higher for young and
inexperienced analysts, as their risk of unfavorable job separa on is much higher than it is for their older colleagues (Hong et
al. (2000)). This is the reason why younger analysts tend to avoid making bold forecasts and are more likely to herd (Hong et
al. (2000)).

Different theories on the driving forces behind crea ng analyst recommenda ons suggest different implica ons for the direc on
of bias in the observed recommenda ons. The above arguments support low risk aversion in analysts for making buy-side
recommenda ons: as analysts are rewarded for issuing rela vely op mis c recommenda ons, they tend to incorporate a
posi ve bias into their recommenda ons. However, sound arguments for the reverse can also be found. Consider that if an
analyst issues a buy recommenda on, then in the case of underperformance of the stock, her client will lose money for sure.
However, if the analyst recommenda on is ‘sell’, then the client can s ll lose in the sense of opportunity cost, but it might
not be as painful for her (due to loss aversion), and the client might not even observe the performance of the stock as it is
not anymore in her por olio. This argument suggests that a risk-averse analyst should only issue a ‘buy’, if the probability
of the stock outperforming the market is very high. Thus, analysts should be mo vated to avoid making overly op mis c
recommenda ons.

The contribu on of this paper to the literature is twofold. First, I derive confidence intervals for the bounds of the loss func on
asymmetry parameter introduced by Lieli and S nchcombe (2013), and second, I develop an empirical applica on of their
theore cal result in a binary forecas ng se ng. More concretely, I inspect stock analysts’ rela ve costs for overpredi ng versus
underpredic ng the stock’s performance, by using a flexible and general method that has not been used up to now. By doing
this, I am able to draw conclusions on the rela ve empirical relevance of the above two channels.

The remainder of the paper is organized as follows. In sec on 2, I outline the theore cal background for preference recovery
in a binary forecas ng environment, relying on the results from Lieli and S nchcombe (2013). In sec on 3, I introduce the
methodology and the data used in the empirical applica on. Sec on 4 presents and interprets the results, while the last sec on
concludes.
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2. Preference Recovery in a Binary
Forecas ng Environment

The theore cal background for the empirical inves ga on used in this paper comes from the 2013 paper of Lieli and S nch-
combe. In a binary variable forecas ng environment, Lieli and S nchcombe’s paper provides a set iden fic on result for the
parameter characterizing the forecaster’s loss func on. In this sec on, I summarize this theore cal result.

2.1 EXPECTED LOSS MINIMIZATION PROBLEM
Let Yt be the me series of binary values, and Yt be the me series of Yt’s forecasts made in the previous period (Yt Yt∣t 1);
t 1, 2, … , T; T . In a binary variable forecas ng se ng, Yt, Yt ∈ {0, 1}, and a loss func on can be represented in the
following way:

Yt 1 Yt 0

Yt 1 0 ℓ(1, 0)

Yt 0 ℓ(0, 1) 0

Where ℓ(Yt, Yt) is the loss from forecas ng Yt when the realiza on will be Yt. We assume that ℓ(1,0) 0 and ℓ(0,1) 0. For
expected loss minimizing forecasters, assuming that the loss is zero when the forecaster hits the target (Yt Yt) is true without
loss of generality³.

We assume that forecasters produce their forecasts by minimizing expected loss. Let It denote the informa on set of the
forecaster. Then the forecaster solves the following problem:

minYt∈{0,1}ℓ(Yt, 0)P(Yt 0 ∣ It) ℓ(Yt, 1)P(Yt 1 ∣ It)

The solu on to this problem is to predict one if P(Yt 1 ∣ It) c, where c 1
1 ℓ(0,1)

ℓ(1,0)
, c ∈ [0, 1]. Let us denote c as the asymmetry

parameter. The asymmetry parameter depends on the forecaster’s rela ve loss from overpredic ng versus underpredic ng the
target. It is the parameter I would like to es mate.

The key iden fica on problem is that the econometrician does not observe the whole informa on set on which the forecast
is based, but only the public part of it. Following Lieli and S nchcombe (2013), let us par on the informa on set It into two
subsets: the part that the econometrician also observes, Zt, and the private informa on of the forecaster, Zt . The forecast is
based on the whole informa on set that is only partly observed by the econometrician, that is, the forecaster predicts one if
pZt ,Zt ≡ P(Yt 1 ∣ Zt, Zt) c. Therefore, the econometrician cannot iden fy the asymmetry parameter exactly, she can only
es mate a set in which the parameter lies (Lieli and S nchcombe (2013)).

Let us define the uncondi onal and sample probabili es of Yt and Yt in the following way:

³ This fact is due to the following standardiza on: ℓc(Yt , Yt) ℓ(Yt , Yt) ℓ(Yt , Yt), where ℓc is the canonical form of the loss func on (Lieli and
S nchcombe (2013)).
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p P(Yt 1)
q P(Yt 1)

pT
1
T

T

t 1

Yt

qT
1
T

T

t 1

Yt

Then, we can define pZt and qZt as probabili es condi onal on Zt; the part of the forecaster’s informa on set that the econo-
metrician also observes:

pZt P(Yt 1 ∣ Zt)
qZt P(Yt 1 ∣ Zt) P(pZt ,Zt c ∣ Zt),

where qZt is the propor on of mes Yt 1 is observed condi onal on Zt. It is true by the law of iterated expecta ons ⁴, that
E[pZt ,Zt ∣ Zt] pZt .

Using this rela onship, Lieli and S nchcombe (2013) derive the following bounds for the asymmetry parameter:

pZt qZt
1 qZt

c
pZt
qZt
.

Let us denote the lower bound as Lt, and the upper bound as Ut: Lt
pZt qZt
1 qZt

,Ut
pZt
qZt

. It is easy to show that Lt Ut. It can
happen that Ut 1 or Lt 0, in these cases the bound is not informa ve. pZt and qZt could be es mated from the data using
logit regressions, and using these es mates, we can give lower and upper bounds Lt and Ut for c.

Lieli and S nchcombe highlight that their result is very general, as there are no assump ons about the number of omi ed
variables Zt , nor about their distribu ons. This makes loss func on parameter iden fica on possible in a general framework.

2.2 CONFIDENCE INTERVALS
To check the sta s cal significance of the es mates, we need to derive confidence intervals. I do this by se ng up a central limit
theorem for the averages pT and qT, and derive the variances for the es mated upper and lower bounds that are approximated
as linear combina ons of pT and qT.

Defini on:

Let h be the following:

h E
Yt p

Yt q
Yt h p Yt h q , h 0, ±1, ±2, ...

⁴ pZt E[Yt ∣ Zt]
LIE

E[E(Yt ∣ Zt , Zt ) ∣ Zt] E[pZt ,Zt ∣ Zt]
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PREFERENCE RECOVERY IN A BINARY FORECASTING ENVIRONMENT

L and U are the lower and upper bounds for the asymmetry parameter c:

L
p q
1 q

c
p
q

U;

LT
pT qT
1 qT

, UT
pT
qT

Assump ons:

• Yt and Yt are weakly sta onary,

• Yt and Yt have absolutely summable covariances: ∑h 0 h .

Theorem 1. Distribu on of UT and LT

1. √T(UT U) d→ N(0, UV U),

where V ∑h h, and U

1
q
p
q2

2. √T(LT L) d→ N(0, LV L),

where L

1
p 1

(1 q)2

Theorem 2. Distribu on of UT and LT

1. √T(UT U) d→ N(0, UV U),

where V ∑h h, and U

1
q
p
q2

2. √T(LT L) d→ N(0, LV L),

where L

1
p 1

(1 q)2

The proof is based on the central limit theorem. Appendix A contains the sketch of the proof.

MNB WORKING PAPERS 4 • 2023 9



3. Empirical Strategy and Data

In this sec on, I show the empirical strategy based on the theory outlined in sec on 2 that I use for the set-iden fica on of the
asymmetry parameter from analyst stock recommenda ons.

3.1 EMPIRICAL STRATEGY
To es mate the bounds given in sec on 2, we need to es mate pZt and qZt . If Zt is an empty set, pT and qT are used to give the
uncondi onal bounds for the asymmetry parameter.

If Zt is non-empty, then pZt and qZt could be es mated using fi ed values from the following logit regressions, using observa ons
collected over me:

pZt logit(Zt p)
1

1 e Zt p

qZt logit(Zt q)
1

1 e Zt q
,

One can use the me series pZt and qZt (t=1, 2, …, T) to derive Lt and Ut for every t. We could use different defini ons for the
overall bounds for c. We can either take max Lt and min Ut to be lower and upper bounds, respec vely, or we could choose the
minimum range min (Ut Lt) and denote its bounds as the overall highest and lowest bound. I use the la er method in the
empirical exercise.

3.2 DATA
As forecast data, Yt, I use monthly analyst stock recommenda ons for shares of Goldman Sachs and 3M Company. I have
chosen these Blue Chip stocks because they are highly liquid and I have access to many individual analyst recommenda ons on
them⁵. Analyst stock recommenda ons are usually published using similar ra ng scales, categorized into three to five levels.
I standardize the different scales and binarize the recommenda ons in the following way: take Yt 1 if the recommenda on
is strong buy, buy, or equivalent, and take Yt 0 for sell, and strong sell recommenda ons. I impute missing observa ons
with the previous recommenda on. The categoriza on of hold recommenda ons is not straigh orward, I use three different
ways for trea ng these observa ons: impu ng by zero (equivalent to sell), impu ng by one (equivalent to buy), and impu ng
with the recommenda on from the previous period. Impu ng with the previous recommenda on can be argued for if we treat
’holds’ similarly to missing observa ons; I assume that an analyst issues a hold recommenda on if she does not have any new
informa on or expecta on on the future behavior of stock price.

The me series I compare the forecasts to is Yt, called the actual or realized series. I define Yt to be one if the price growth⁶ of
Goldman or 3M Co. is posi ve and higher than the growth of the Dow Jones Industrial Average in one month from making the
forecast:

Yt 1 if PD,t 1

PD,t

PG,t 1

PG,t
and PG,t 1

PG,t
1

Yt 0 if PD,t 1

PD,t

PG,t 1

PG,t
or PG,t 1

PG,t
1

⁵ I use a Bloomberg terminal and Reuters Eikon for data collec on.
⁶ Price is taken to be the end-of-month closing price of Goldman and 3M Co. stocks. Analyst recommenda ons are also published at the end of each
month.
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EMPIRICAL STRATEGY AND DATA

where G: Goldman or 3M co., D: Dow Jones index

I compare the two stocks to the Dow Jones index, as Goldman Sachs and 3M Co. stocks are classic Blue Chip stocks. The length
of the me series varies from analyst to analyst: it starts in 2003 the earliest (but in most cases, only a er 2009), end ends in
November 2016.

I present uncondi onal results along with condi onal bounds, for which I include explanatory variables in the logit regressions.
The included variable is a proxy for the public part of the analyst’s informa on set used to make the recommenda on. I follow
Campbell and Thompson (2008), and use the smooth P/E ra o as a proxy for the analyst’s informa on set. The data I use was
accessed using Bloomberg and Reuters Eikon.
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4. Empirical Results

In this sec on, I show and interpret the results from the empirical analysis. The es ma on gives an upper and a lower bound
for the asymmetry parameter of each analyst. The uncondi onal bounds are the es mates based on the sample averages pT
and qT. In the condi onal case, upper and lower bounds are es mated based on the logit regression for every period t. Then,
the largest lower bound Lt and smallest upper bound Ut are presented as the condi onal bounds for the sample period.

4.1 INTERPRETATION

How could we interpret the results; e.g. what does a [0, 0.25] result mean? Ruling out the highest values for the asymmetry
parameter means that the representa ve analyst is not extremely risk-averse in proposing a buy strategy. In this case, let us
assume that the asymmetry parameter takes its highest es mated value, 0.25. Then, by wri ng up the defini on for c:

0
1

1 ℓ(0,1)
ℓ(1,0)

0.25

↓

3
ℓ(0, 1)
ℓ(1, 0)

↓

3 × ℓ(1, 0) ℓ(0, 1),

This means that a ‘false sell’ is at least three mes as costly as ‘false buy’. This wouldmake the analyst reluctant to propose a sell
strategy. If the upper bound is below 0.5, the analyst has asymmetric loss: she is more inclined to overpredict the target than
to underpredict it. On the other hand, when the lower bound is above 0.5, the analyst is more likely to issue more pessimis c
recommenda ons than overly op mis c ones.

It is important to analyze the rela onship between the varia on in the me series and their consequences on c in more detail.
Let me show the consequences on c, when there is absolutely no varia on in the recommenda on series. If the analyst rec-
ommends to sell the stock and the recommenda on stays the same (Yt 0) throughout the en re me series, then p ∈]0, 1[
and q 0. We assume that there is some varia on in the binarized actual series.

LT p

UT
p
0 →

Similarly, if the analyst recommends to ’buy’ the stock and the recommenda on stays the same (Yt 1) throughout the en re
me series, then p ∈]0, 1[ and q 0. We assume that there is some varia on in the binarized actual series.

LT
p 1
0

→

UT p
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EMPIRICAL RESULTS

4.2 RESULTS

Table 1 shows the results for Goldman Sachs stocks, analyzed by fi een brokerage houses in the sample. When we categorize
hold as zero (hold is the same as a sell), we see that in eight cases, the lowest c’s are ruled out. This suggests that for these eight
analysts, a ‘false buy’ is likely costlier than a ‘false sell’. We cannot conclude that these analysts have undoubtedly asymmetric
loss func ons, as the lower bonds are below 0.5. These results are in line with the argument for high risk aversion in making
buy side recommenda ons: it is less costly for the analyst to suggest a sell (or hold), as he expects the client not to observe
the stock’s price performance a er taking it out from the por olio. If there are many hold recommenda ons in the me series,
observing high asymmetry parameters might be due to the categoriza on of ‘holds’ as ‘sells’.

The uncondi onal bounds for Oppenheimer’s analyst are uninforma ve. This is because there are exactly as many ones in the
binary actual series than in the binary recommenda on series. Therefore, pT qT, and hence LT 0 and UT 1. For the rest
of the sample (six analysts out of the fi een), the highest c’s are ruled out: a ‘false sell’ is likely to be costlier than a ‘false buy’.

The condi onal bound intervals are narrower in all cases for hold=0 (column 2). This suggests that the smooth P/E ra o bears
some forecas ng power for stock price performance. In three cases (Wells Fargo, Macquarie and Oppenheimer) the es mated
upper bound is lower than the es mated lower bound. In these cases, the es mated bounds are not informa ve.

When categorizing ‘holds’ as 1 (buy), the results change significantly. In all but one case, the highest asymmetry parameters
are ruled out, sugges ng that a ‘false sell’ is costlier than a ‘false buy’⁷. This is in line with the argument for low risk aversion in
making buy side recommenda ons: analysts might be biased towards op mis c recommenda ons. Analysts who are rela vely
more op mis c in their stock recommenda ons than the consensus can expect be er career prospects, as it was shownbyHong
and Kubik (2003).

The upper bounds are around 0.5 in most cases, sugges ng certain asymmetry for c⁸. The condi onal logit regressions produce
results where the intervals for c become even narrower. E.g., we can conclude that Vining Sparks analysts are at least 5.25 mes
more likely to produce a ‘false buy’ than a ‘false sell’, when making recommenda ons for Goldman Sachs stocks.

In the last specifica on, we treat ‘holds’ similar to missing values and impute them with the previous recommenda on. De-
pending on the exact me series, i.e. the typical recommenda on and number of ‘holds’, this produces similar bounds as the
hold=0 or the hold=1 categoriza on: in ten cases, the bounds are the same as in columns 1-2 (hold=0), and in five cases, they
are equivalent to trea ng ‘hold’ as 1.

⁷ The lower asymmetry parameters are ruled out in the es mated bounds for Societe Generale. This me series does not contain any hold recommen-
da ons, only ‘sells’.

⁸ I have not yet calculated the confidence intervals for the uncondi onal bounds. However, taking into considera on that in most cases, the upper
bound or the lower bound is uninforma ve (i.e. LT 0 or UT 1) , it appears that the confidence intervals will be wide. This might change the
interpreta on of the results.
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EMPIRICAL RESULTS

Figures 1, 2, 3 and 4 illustrate the sensi vity of the results on the categoriza on of ‘holds’. In Figure 1, in UBS’s case we see that
the hold=previous specifica on gives the same bounds as the hold=1 (buy) specifica on. However, for Morgan Stanley (Figure
2), the bounds for hold=previous are the same as the bounds for hold=0 (sell). It can also happen that all three specifica ons
produce different bounds (see Figure 3 for JMP), or in the absence of ‘holds’, all three pairs of es mates are the same (as for
Credit Suisse, Figure 4).

The es mates on the other Blue Chip stock, 3M Company are quite similar to the results on Goldman Sachs. When hold is
categorized as zero, c is rela vely high in six cases (meaning that analysts are not too reluctant to propose a sell strategy). The
lower bounds in the uncondi onal hold=sell case are on average lower than for Goldman Sachs es mates, all six are under
0.5. Therefore, these es mates do not rule out symmetric loss. The four remaining analyst have rela vely low asymmetry
parameters. For Jefferies and Credit Suisse, we can rule out symmetric loss as the upper bound is below 0.5. The condi onal
bound intervals become narrower than the uncondi onal intervals.

MNB WORKING PAPERS 4 • 2023 15



MAGYAR NEMZETI BANK

Figure 1
Bounds for c based on condi onal probability es mates, UBS analyst recommenda on for Goldman stocks
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Notes: Bounds for c es mated using condi onal logit regression. The forecast value is the binarized analyst recommenda on for Goldman stocks
made in t (strong buy, buy: 1; sell, strong sell: 0). Hold recommenda ons are categorized as 0 (a), 1 (b), and imputed by the previous value (c). The
actual value is one if price growth for Goldman stocks is posi ve and outperforms the DJI one month from making the forecast, and zero otherwise.
The explanatory variable Z is the smooth P/E ra o of Goldman Sachs in t.
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EMPIRICAL RESULTS

Figure 2
Bounds for c based on condi onal probability es mates, Morgan Stanley analyst recommenda on for Goldman stocks
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Notes: Bounds for c es mated using condi onal logit regression. The forecast value is the binarized analyst recommenda on for Goldman stocks
made in t (strong buy, buy: 1; sell, strong sell: 0). Hold recommenda ons are categorized as 0 (a), 1 (b), and imputed by the previous value (c). The
actual value is one if price growth for Goldman stocks is posi ve and outperforms the DJI one month from making the forecast, and zero otherwise.
The explanatory variable Z is the smooth P/E ra o of Goldman Sachs in t.
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Figure 3
Bounds for c based on condi onal probability es mates, JMP analyst recommenda on for Goldman stocks
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Notes: Bounds for c es mated using condi onal logit regression. The forecast value is the binarized analyst recommenda on for Goldman stocks
made in t (strong buy, buy: 1; sell, strong sell: 0). Hold recommenda ons are categorized as 0 (a), 1 (b), and imputed by the previous value (c). The
actual value is one if price growth for Goldman stocks is posi ve and outperforms the DJI one month from making the forecast, and zero otherwise.
The explanatory variable Z is the smooth P/E ra o of Goldman Sachs in t.
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Figure 4
Bounds for c based on condi onal probability es mates,Credit Suisse analyst recommenda on for Goldman stocks
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Notes: Bounds for c es mated using condi onal logit regression. The forecast value is the binarized analyst recommenda on for Goldman stocks
made in t (strong buy, buy: 1; sell, strong sell: 0). Hold recommenda ons are categorized as 0 (a), 1 (b), and imputed by the previous value (c). The
actual value is one if price growth for Goldman stocks is posi ve and outperforms the DJI one month from making the forecast, and zero otherwise.
The explanatory variable Z is the smooth P/E ra o of Goldman Sachs in t.
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EMPIRICAL RESULTS

In columns 3 and 4 in Table 2, we see that apart from RBC, the highest values are ruled out for c. This is similar to what I have
found for Goldman stocks. The result is in line with the argument for low risk aversion towards buy strategies. Column 5 and 6
show the results for hold=previous. Here, in four of the cases the lowest values are ruled out, while in the other six cases c is
rela vely low.

We can see that the results are highly sensi ve to the categoriza on of hold recommenda ons. If we take the hold=previous
specifica on as baseline, we find that in the majority of cases, the highest values for c are ruled out.
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5. Conclusion

In a binary variable forecas ng environment, I carry out an empirical analysis to es mate bounds for the parameter characteriz-
ing the forecaster’s loss func on. I use analyst stock recommenda ons as forecast data, and compare it to the one-month-ahead
rela ve price performance of the analyzed stock. In the condi onal logit regressions, I include a proxy for the publicly observed
part of the forecaster’s informa on set as an explanatory variable. Using a theore cal result from Lieli and S nchcombe (2013),
I set-iden fy the parameter that captures the analyst’s cost of over- versus underpredic ng the target (asymmetry parameter).
Another novelty of this chapter is the deriva on of confidence intervals for the bounds of the loss func on asymmetry param-
eter introduced by Lieli and S nchcombe (2013).

Previous research suggests that incorpora ng posi ve bias in stock analyst’s forecasts is a ra onal ac on (Lim (2001)). It is also
shown that controlling for accuracy, analysts who frequently issue op mis c forecasts are rewarded: they are muchmore likely
to be offered higher pres ge posi ons, with higher wages (Hong and Kubik (2003)). Therefore, we can expect analysts to issue
overly op mis c forecasts more easily than pessimis c ones.

The reverse side of the argument can also be supported by intui ve claims. Consider that if an analyst issues a buy recom-
menda on, then in the case of underperformance of the stock, her client will lose money for sure. However, if the analyst
recommends a sell strategy, then her client might not even observe if the stock indeed outperforms the market. This suggests
that analysts should avoid proposing overly op mis c recommenda ons.

I find that the results are highly sensi ve to the categoriza on of hold recommenda ons. When we assume that ‘hold’ means
‘sell’, the es mated asymmetry parameters are rela vely high. This suggests that analysts are not very reluctant to propose a
‘sell’. However, when categorizing ‘hold’ into the buy category, the reverse is found: in almost all cases the highest possible
values for the asymmetry parameter are ruled out. When impu ng ‘hold’ with the previous recommenda on, again the highest
values are ruled out in more than half of the cases. Developing addi onal empirical applica ons (i.e. other binary forecas ng
problems) for the iden fica on of the loss func on’s asymmetry parameter would be an interes ng area for further research.
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Appendix A Sketch of proof of
theorem 1

a) Using the delta-method, we can write Ut in the following linear form (assuming that the second and higher order parts of
the Taylor-expansion are zero):
√T(UT U) ≈ 1

q√T(pT p) p
q2√T(qT q).

The central limit theorems for the univariate iid series pt and qt are the following:

E(pt) p Var(pt) p(1 p) , then √T(pt p) d→ N(0, p(1 p))
E(qt) q Var(qt) q(1 q) , then √T(qt q) d→ N(0, q(1 q)).
The Cramer-Wold theorem states that Xn

d→ X if and only if a Xn
d→ a X for all a ∈ ℝk. Let pq

d→ Nk(0, ) then we can take
any vector a ∈ ℝk;(k=2 in this case) and show: a √Tptqt pq

d→ a pq. In the case of the upper bound, a), a U.

b) Using the delta-method, we can write Lt in the following linear form (assuming that the second and higher order parts of
the Taylor-expansion are zero):
√T(LT L) ≈ √T(pT p) p 1

(1 q)2√T(qT q).
Then, we use the Cramer-Wold device as in point a) for the upper bound, but now a L.
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