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Disastrous Weather Events and Analysts’ Earnings Hecasts

Abstract

We examine whether disastrous weather events dffectnood of sell-side analysts
located near such disasters. Specifically, we emarttie impact of seventeen severe weather
events (1998 — 2008) on analyst earnings fore@usstock recommendations in the U.S.
market. Our investigation compares forecasts thdue analysts in proximity to disaster
zones with forecasts issued by analysts distann faisaster zones (i.e., difference in
difference design). We show that conservative atslywho directly experience disastrous
weather event are more likely to issue pessimiséimings forecasts, whereas their less
conservative counterparts are less likely to issigmificantly more pessimistic earnings
forecasts despite direct experience of a disastnmather event. The impact of disastrous
natural events on conservative analysts’ pessinggengthens over time. The effects of
natural disaster risks on analysts’ forecastindggoerance can be amplified durirgonomic
downturns. Our findings are consistent with the conjectunattearnings forecasts made
immediately after the event occurrence are moremggnt on information and judgements
made prior to the events and are therefore lesstsento the impact of negative experiences.
We further find that analysts who are directly aféel by disastrous weather events and who
issue low-ball forecasts are more likely to issegative (i.e., less accurate) forecasts in the
period following the weather event. Our findings/eal that, despite being professional
information agents, analysts are susceptible toetmetional and/or cognitive impacts of
severe weather events. Lastly, we find that ansilystecasts remain unchanged in the nine-
month period following a disastrous weather evétdwever, we find that in the longer
period, 12 months, and 24 months after the evédfet;tad analysts are actually less likely to
downgrade their recommendation of a firm’s stockede findings are consistent with the
view that analysts’ personal experiences have ilegact on their recommendations over
time. This study contributes to the current litaraton how information processing and
opinions are affected by analysts’ personal expees. This study provides evidence for
understanding the impact of disastrous weathertsvem market participants, namely sell-
side analysts, in an era of increasing climate risk

JEL codes: G14; M41
Keywords: Analysts; Earnings forecasts; Disastrousveather events: Pessimism,;
Accuracy; Economic downturns



Disastrous Weather Events and Analysts’ Earnings Fecasts

1. Introduction

Sell-side analysts perform a critical role in cabitmarkets by providing trading
recommendations, industry reports, and firm analy8radshaw, 2004; L. D. Brown, Call,
Clement, & Sharp, 2015; Gleason & Lee, 2003). Ay¢abody of research has identified
factors that affect analyst performance, includindividual analyst characteristics (M. B.
Clement, 1999; Jacobs, Lys, & Neale, 1999; Miknalglther, & Willis, 1997; Stickel, 1992),
information environments (Byard, Darrough, Suh, i&n, 2018; M. B. Clement, 1999; Hope,
2003; Lang & Lundholm, 1996), regulatory actiongafCSharp, & Wong, 2019), and peer-
analyst performance (Do & Zhang, 2020). Howeven #udies have addressed the impact
of natural disasters on analyst performance. Taesddthis issue, we focus on disastrous
weather events that an individual analyst can eéspee and explore its effect on the

professional performance of the anafyst.

We compare the performance of analysts in proxiratgisaster zones with that of
analysts distant from disaster zones. Our choicéoofising on analysts who experience
exogenous extreme weather events is based on ttk tneaccount for endogeneity and
selection bias. Extreme weather events could affewlysts’ subsequent professional
performance for reasons likely unrelated to charéstics of the firms covered or to their
own performance. As such, extreme weather eventsda a pseudo-natural experiment that
addresses the issue of endogeneity in assessinmpiaet of external adversities on analyst
performance. We focus on a treatment group of atelyho experience an extreme weather

event and subsequently issue earnings forecaststaoki recommendations. We then study

LIn 2015, global investment consultant Mercer (90identified risks from extreme weather events: a
significant source of portfolio risk for institutial investors to manage over the next 20 yearsguRéory
bodies are also concerned that market participaatp not attend to this type of risk and urge battumtary
and mandatory disclosures of firms’ exposure (S&C, 2010)).



how their tendency to offer either optimistic orspenistic forecasts changes differently

against a control grouj.

A number of studies found that dangerous eventd teaincreased risk-aversion
(Jackson 1981; Slovic 1987, 2000; Weinstein 198dydies in economics and psychology
have documented that personal experiences of hatisasters often result in heightened
pessimism (Cameron & Shah, 2015; Castillo & Ca2é1; Jaycox et al., 2010; Kessler et
al., 2008; Wang et al., 2007). Specifically, Antmni Kumar, and Maligkris (2018) find that
analysts in areas where either terrorist attacksmass shootings occurred issue more
pessimistic forecastd.In addition, the affect heuristic documented ire thsychology
literature (Slovic et al., 2004; Wright and Bow&892; Johnson and Tversky, 1983; Zajonc,
1980) predicts that individuals experiencing a ntagegative emotion are more likely to
perceive higher risks and lower benefits in theidgements of risk&lt is expected that
analysts carry this affect heuristic from a recextreme weather event, exhibit a general
negative mental frame of mind in how they analysend, and therefore make more

pessimistic forecasts.

2 Earlier studies emphasized the importance of atsilyoles in minimizing information asymmetry (Zitp
2008; Chen, Cheng and Lo, 2010; Grinblatt, Jost@rad Philipov, 2016). However, the accuracy of the
information provided by financial analysts is tdaage extent subject to analysts' behavioural kiggaein,
1990; DeBondt and Thaler, 1990; Zhang, 2006; WiiBa 2013, DeHaan, Madsen and Piotroski, 2016hik t
study, we extend research on analysts’ behaviduiagkes using salient information from natural dis&snear
analysts’ locations. In particular, we investightaw the incidence of natural disaster events affacialysts’
earnings forecasts and recommendations.

3 Cassar, Healy, and Von Kessler (2011) and CamanohShah (2015) find that financial analysts’ peeo
experiences of disastrous weather events leadrtpdrary risk aversion in terms of making persoiearicial

decisions. Ramirez and Altay (2011) and DessaidtMatray (2017) document similar effects on profasals'

financial decision making. The impact of disastreusather events is likely to be strongest amondyatsa
located close to the events, though certain extreveats might affect non-local individual analyasswell. In

the area of analyst behaviour, Bourveau and Lav&p@ind that Louisianan analysts issued more p@stc

forecasts, presumably due to the impact of the lgigddrricane Katrina in 2005. Lo and Wu (2010) fitteat

that financial analysts tend to issue pessimidimiags forecasts in autumn and optimistic forecasispring,
thereby providing evidence of the effect of Seakéifi@ctive Disorder on financial analysts.

4 Finucane, Alhakami, Slovic, and Johnson (2000) fonvard the theory of heuristic affect that a feg!

towards a situation (i.e., positive or negativesetf would lead to a biased perception of risk bedefit, even
when this is logically not warranted for that stioa. Several experimental studies (Averbeck, Jodes
Robertson, 2011; Slovic & Peters, 2006; Wilson &&r 2006) support this theory and show that tHeots

from this heuristic can be particularly long lagtin



Due to the size and geographic diversity of theté¢hBtates, the country experiences
a variety of different natural disasters on a feagiubasis. Therefore, not all natural disasters
generate the same level of economic and psychealbgigpacts (Cavallo, Galiani, Noy, &
Pantano, 2013), especially on professionals suckinascial analysts. In our study, we
capture the impact on analyst forecasts of 17 meor severe natural events from 1998 to
2008 (see table 1), which are defined as disasitatslast for less than 30 days and cause
damages of at least 1 billion 2013 constant dol{8arrot & Sauvagnat, 2016; Hsu, Lee,
Peng, & Yi, 2018). Our sample consists of earnifagecasts of U.S. firms surrounding the
17 major and severe natural events over the pérood 1998 through 2008. We obtain the
information on natural disaster events from theti@palazard Events and Losses Database
for the United States (SHELDUS) of the UniversifySmuth Carolina. SHELDUS contains a
historical record of the names, dates, and dikesgds of the natural hazards at county level,
from 1960 to present. We obtain information on tpréy analyst forecasts for U.S. firms
traded on the NYSE, AMEX or NASDAQ from Thomson Reg’ Institutional Brokers
Estimate System (I/B/E/S). We manually collect gst' full names and corresponding
brokerage house addresses from Nelson’s Directbrinvestment Research biographical
dataset. Then, we use these analysts’ full namesti@ct and match analysts with their
corresponding forecasts and recommendations fromm$bn Reuters (Jiang, Kumar, &
Law, 2016).

We predict that analysts who experience naturastiss become more pessimistic
and/or more accurate in their earnings forecagls. argue that, as analysts focus on a firm’s

future performance, their perception of risk isgmially influenced by prior experiences,

5 Prior research examining potential biases in atdbyrecasts shows that analysts have a predifettidgssue
optimistic forecasts because of the pressure t@splinvestment banking clients (Dugar & Nathan51%8-w.

Lin & McNichols, 1998; Michaely & Womack, 1999) thiesire to achieve favourable career outcomes (Hong
& Kubik, 2003), the incentive to generate tradirggmenissions (Cowen, Groysberg, and Healy, 2006(d&scks
2005) (Cowen, Groysberg, & Healy, 2006), and thespure from institutional clients to support thaiwck
positions (Firth, Lin, Liu, & Xuan, 2013; Gu, L& Yang, 2013; Mola & Guidolin, 2009).



including those of extreme weather and naturalstatphe. Therefore, we conjecture that
analysts who recently experienced natural disagseich as extreme weather events) exhibit
heightened risk perception. Specifically, our sigaris that analysts who have experienced
natural disasters are more likely to be pessimistitheir financial forecasts than are their
counterparts who have not experienced natural teisfsin addition, we argue that the
systematic optimism in analysts’ forecasts docueekmnt prior studies might be mitigated by
the rising pessimism in forecasts from analystsedrpcing extreme weather events,
resulting in more accurate forecasts.

We compare forecasts issued by analysts in proxitaitisaster zones with forecasts
issued by analysts distant from disaster zones, (@iéference in difference design). A
drawback of our design is that we cannot directBasure analysts’ emotional states induced
by disastrous weather events. We document thasppal experience of disastrous weather
events does forthwith motivate conservative analystissue significantly more pessimistic
earnings forecasts, while affected analysts whooaténistic do not show any impacts of
these events in their forecast behaviours. The @mpé catastrophic natural events on
conservative analysts’ pessimism strengthens ane. tThe effects of the natural disaster
risks on conservative analyst forecasting perfomeaocan be increased durirsgonomic
downturns. The findings are consistent with our conjectunat tearnings forecasts made

immediately after the event occurrence are moremggnt on information and judgements

61t is also possible that financial analysts ameeitivized to avoid emotional and cognitive biagggen that
their professional trajectories depend on the auof their firm’s value estimation (Dyck, Morse Zingales,
2010). If this is the case, we expect no impamhfextreme weather events on analysts’ performance.

" There are limited cases where forecast pessimasrbken displayed. Some evidence of this comes Kem
and Yu (2006), Hilary and Hsu (2013) and Hortorrasm, and Wu (2017)who find that analysts trpltease
firm managers by adjusting their forecasts downwaetbre an earnings announcement date so that ams
more easily beat analysts’ latest forecasts. Hamy Kacperczyk (2010) document that competition isgso
discipline on analysts so that they have less itmemo please managers, thereby lowering optingas. Call
et al. (2019) Call et al. (2019)document that ratpry oversight in the form of formal brokerage ctéoms
discipline sell-side research to produce less dptiovecommendations.



made prior to the events, and therefore are lessits& to the impact of the negative
experiences.

Our study contributes to the literature on finahai@alysts by identifying factors that
can explain the presence of biases in analyst &stecPrevious studies, including Hong and
Kubik (2003) and Horton et al. (2017)examine aratgeer concerns and work incentives
as factors that motivate analysts to issue moreémegiic forecasts. We use a different
identification strategy, comparing the forecassuél by analysts who have experienced
extreme weather events with those issued by otiaysts, for the same firm and time period.
Our setting is not susceptible to the typical erhmity and omitted variable concerns that
can be pervasive in cross-agent settings. Sinolatudies that have investigated the impact
that life events have on managerial and investbaweur (Bernile, Bhagwat, & Rau, 2017;
Hood, Kamesaka, Nofsinger, & Tamura, 2013; Rouss&&avor, 2014), our study shows
that how financial analysts respond to a life eveart also be an important line of study,

considering analysts’ roles as disseminators @ffaial information to the market.

Second, we show that affected analysts who issweb#ll forecasts issue further
negative forecasts (that is, less accurate) inpérod following a severe disaster. These
findings contradict the notion that analysts amn§’ professional information agents, so they
would not consciously compromise their career goaler the emotional and/or cognitive
impact of a natural disaster.

Finally, as conservative analysts become more péstst after experiencing
disastrous weather events, we further analysentipadt that these events have on analysts’
recommendations. By estimating a logistic regregsice examine whether the likelihood of
an analyst degrading a firm’s stock recommendasaaffected by their negative experience
with natural disaster in comparison to a group asitml analysts who do not have the same

experience. Stock recommendations are the expressid analysts’ beliefs about share



values relative to their market prices, which ipraduct of analysts’ forecasts (Francis &
Soffer, 1997). The results suggest that analysts ndb exhibit a change in their
recommendation behaviours in the 9 months afteemempcing natural disasters. However,
we find that in the longer period, 12 months andrishths after the event, affected analysts
are actually less likely to downgrade their recomdaion of a firm’s stock. While analysts
might be more pessimistic in estimating firms’ eags, their recommendation is the result of
a complex process that requires the analysts taheseearnings forecasts along with other
information to estimate a stock’s value, compate the trading price of the stock, and form
the basis of the recommendations (Healy & Palep01® Our findings are consistent with
the view that analysts’ personal experiences hesgimpact on their recommendations.

The evidence in this study also contributes tortascent literature on the effects of
personal experience — as opposed to common knowledgn professional judgements.
While traditional economic models often assume thdividuals incorporate all available
data in forming their preferences, the psycholatgrdture suggests that individuals weigh
the knowledge obtained through personal experidreavily (Hertwig, Barron, Weber, &
Erev, 2004) and individual preferences are, theegfoot necessarily stagnant. As personal
experience differs among financial analysts and differs across time for the same analyst,
their professional judgments can differ signifiégngiven the same set of knowledge and

facts®

This study adds to the current literature on howalysis' extreme personal
experiences can affect their information processaimg) opinions. Second, this thesis extends

the strand of research on the impact of climatesram the financial market. We examine 17

8 The affect heuristic predicts that negative enrotidll increase the perception of risks (Slovicnh&cane,
Peters, & MacGregor, 2004; Zajonc, 1980). While literature on the affect heuristics is mostly hea
laboratory experiments (Johnson & Tversky, 1983 @an objectively measure analyst performance by
comparing analyst forecasts against actual earrangfor a consensus forecast. Our findings inditze the
effects of laboratory-induced affect hold up améingncial analysts experiencing real-life emotion.



“Billion-dollar events” across 11 years, which pides an extensive study on how major
disastrous weather events can affect analystsvimrira. More research studies suggest an
increasing risk of natural disasters worldwide. &xample, Bender et al. (2010) predict a
doubling of category 4 and 5 storms by the endhefZlst century in moderate scenarios. N.
Lin, Kopp, Horton, and Donnelly (2016), by examiginurricane frequency data beginning
1800, predict that in the New York area the refpgriod of Hurricane Sandy'’s flood height
is estimated to decrease 4 to 5 times between 200@100. A series of recent studies
predict a similar increase in natural disaster ogér the course of the 21st century (Elsner &
Jagger, 2006; Garner et al., 2017; Grinsted, Mar#gvrejeva, 2013; N. Lin et al., 2016;
Mann & Emanuel, 2006; Webster, Holland, Curry, &@h, 2005). This study extends
current concerns within accounting and financentduide the impacts of significant life
events on professionals. In practice, this re$e@raseful to investors who consider
analysts' forecasts in investment decision makifmye importantly, the findings that the
effects of the natural disaster risks on the andtyecasting performance can be amplified
and heightened duringconomic downturns are important for understanding the role of
analyst behaviour in processing and disseminatiantial information after billion-dollar
events, and thus in contributing to market efficieor inefficiency and resources allocation
on capital markets. For regulation-making, the $ta€ raised concerns about how exposure
to climate risk might affect firms’ forecasts, amais have required firms to disclose such
exposure. Overall, this study provides evidencaufaerstanding the impact of climate risk
on certain groups of market participants as wellmvering further the extent to which
natural disasters can affect sociéty.

The remainder of this study is structured as foioection Two provides a literature

review of relevant literature and hypothesis depelent. Section Three outlines our data and

9 Ouazad and Kahn (2019) document the effectsliohbkdollar events on banks’ securitization actest



methodology. Section Four presents our empiricalilts, discusses the main findings, and

provides additional robustness checks. Section ¢weains our conclusion.

2. Literature review and motivation

Forecast quality is shaped by a number of factoxduding analysts’ skills, their
general experience as well as firm-specific expeege brokerage size, and task compléity
(M. B. Clement, 1999; Clement & Tse, 2005; Mikhetilal., 1997). H.-w. Lin and McNichols
(1998) and Dechow, Hutton, and Sloan (2000) finak thffiliated analysts are inclined to
issue more favorable growth forecasts and recomaiems$ and that the effect is stronger
when higher fees are paid to the analysts’ emptoyieorecast accuracy is also affected by
gender. Kumar (2010) finds that female analysteasbolder and, in general, more accurate
forecasts with superior performance in market segswith low concentrations of female
analysts. Additionally, research shows that ansalyfstrecasts are affected by exposure to
personal, career-related, or macroeconomic evelisment and Law (2014) find that
analysts who began their careers during econorn&ssgons issue earnings forecasts that are
more conservative and more pessimistic than thminterparts; furthermore, these analysts
are less likely to become leaders in their fieldslevtending to issue more negative bold
revisions. Jiang et al. (2016) find that analysithweonservative personal traits are more
likely to issue conservative earnings forecastssiadk recommendations.

Our study is motivated by a growing strand of atere in finance and economics that
documents the impacts of personal tfdi(slutton et al., 2015; Shu, Sulaeman, & Yeung,

2012) and personal experience on behaviors of alapiarket participants. While traumatic

10 Clement and Tse (2005) show that boldness of aisalfarecasts is associated with private informatthat they can
obtain because of larger brokerage size, experjesmug prior accuracy, and negatively associateth wie number of
industries that analysts follow.

11 Analysts whose personal political preferencesngfisoalign with the U.S. Republican Party are 3%renlikely to issue
minor revisions in earnings forecasts and 1.5% niikedy to issue modest upgrades and downgradetheir stock
recommendations (Jiang et al., 2016).

12 political values affect the probability that a fiengages in corporate misconduct (Hutton, Jiangu&ar, 2015). (Shu,
Sulaeman, & Yeung, 2017) show that local religibakef affectghe risk-taking behaviours of mutual funds analysts

10



early-life experiences have a permanent effecthim decisions of corporate managérs
(Bernile et al., 2017), the experience of extremenés later in life has an immediate and
short-term impact on risk perception of corporatenager¥ (Antoniou et al., 2018) and
fund managet$ (Shu et al., 2012, 2017). Financial analysts display behavioral biases as
a result of personal life experience. Cen, Hilaryd Wei (2013) find that analysts are subject
to anchoring bias as they are more optimistic wadirm'’s forecasted earnings are lower
than the industry median, given that they rely alnest but irrelevant information. Analysts
who experienced success in the past tend to be@vietent in their ability to forecast future
earnings (Hilary & Menzly, 2006). Antoniou et aR0O(8) find that analysts located near
major terrorist attacks and mass shootings are messimistic and more accurate in their
forecasts, especially when they are in proximityhte traumatic event, when the forecasts are
closer to the event date, and when analysts aa¢ddan the areas that have low-crime rates.
Climatic factors also have significant impacts ba mood and behavior of relevant
market participants. Lo and Wu (2010) find thatcktanvestors as well as analysts are
affected by Seasonal Affective Disorder in thatnesgs forecasts are more pessimistic in
autumn. Dehaan, Madsen, and Piotroski (2017) fivad &nalysts in locations with adverse
weather exhibit slower information processing béhag as measured by the level of
analysts’ activity in terms of forecasts, recomnaimhs, and target price updates. Natural
disasters are extreme climatic events that have bbort-term and long-term impacts on

individuals (Cameron & Shah, 2015). At the firmégv Truong, Nguyen, and Huynh (2017)

13Bernile et al. (2017) document that CEOs who eigpee fatal disaster without severe personal careserps are more
aggressive in managing firms, while CEOs that erpee an extreme downside of disaster are moreecaative. The

authors investigate whether the effect of early-Bkperiences on a CEO'’s risk perception varieh e severity of the
experience.

4 Antoniou et al. (2018) show that later extreme éwsperiences have a short term effect on the idesiof corporate
managers. Dessaint and Matray (2017) find that gensaof firms that are not affected by but locatethe neighborhood
areas of a hurricane event temporarily increas@arate cash holdings in response to the hurricahevthe actual

hurricane risk remains unchanged.

15Shu et al. (2017) show that bereavement due tenparloss influences the trades and profitabitifymutual fund
managers.

11



find that severe drought conditions lead to poomfiperformance, higher profitability
uncertainty, and a higher firm risk profile. More@wy both the intensity and duration of
drought experienced by firms in the affected are@®sitively and significantly related to the
ex-ante cost of equity implied in stock prices (Truongaét 2017). Elnahas, Kim, and Kim
(2018) document that firms located in areas wikiigler probability of natural disasters have
3.6% lower leverage as well as higher earningstiitfaand less favourable credit terms.
Furthermore, the aforementioned firms tend to beenfmancially conservative than their
counterparts in areas with a low chance of natdigdsters. Bourveau and Law (2016) in
their study of analysts working in New Orleans dgrand after the Hurricane Katrina event,
found that analysts’ earnings forecasts and recardat®ons were more pessimistic than
those of analysts living outside of the disastereza discrepancy that persisted for 12 to 18

months after the hurricane.

3. Hypotheses Development

Extreme weather events affect both mood and bebgvéis has been documented by
researchers in the field of psychology (Denissentaltl, Penke, & Van Aken, 2008;
Howarth & Hoffman, 1984; Ko6ts, Realo, & Allik, 201 Following such events, individuals
exhibit a greater level of risk aversion at a peeddevel (Cameron & Shah, 2015) and at a
professional level (Dessaint & Matray, 2017; Ramir& Altay, 2011). Furthermore,
individuals experiencing extreme weather events raame likely to temporarily adopt
pessimistic and negative outlooks. Risk percepton beliefs about the frequency and
magnitude of future extreme weather-related evéeighten after a traumatic event (P.
Brown, Daigneault, Tjernstrom, & Zou, 2018). Cotesig with “availability heuristics,”
individuals irrationally assess probability or rigkan extreme event “by the ease with which

instances or associations could be brought to m{figersky & Kahneman, 1973, p. 208).

12



While Bayes’ rule suggests that the probabilityooturrence of an extreme weather event
and its anticipated magnitude should be based dh pdor and current observations,
availability heuristics claim that “if more receand more salient observations are easier to
retrieve from memory, then recent exposure to sedsasters will dramatically increase
expectations of future risks” (P. Brown et al., 80p. 4). Personal experience of extreme
weather events thus further exaggerates perceisiedrinucane et al., 2000; Keller, Siegrist,
& Gutscher, 2006).

Financial analysts are not immune to the psycholigeffect of extreme weather
events. As analysts focus on a firm’'s future penfance, their perception of risk is
potentially influenced by prior experiences, inéghglthose of extreme weather and natural
catastropheWe conjecture that analysts who recently experi@madural disasters (such as
extreme weather events) have heightened risk pgooepSpecifically, our surmise is that
analysts who have experienced natural disastersnare likely to be pessimistic in their
financial forecasts than are their counterparts e not experienced natural disasters. Of
course, financial analysts are incentivized to dwnotional and cognitive biases, given that
their professional trajectories depend on the awyuof their firm’s value estimation (Dyck
et al., 2010). Therefore, analysts strive to asselirm’s prospects objectively and without
undue influence from circumstances irrelevant gtock valuation process. This argument
encounters our predictions on the possible effdnasnatural disastrous weather events have
on analysts’ performance. Our first hypothesigasesl in null form:

H1(null): Forecast bias of sell-side equity analysts located in areas where

natural disastrous weather events occur are not different from the prevailing

consensus for the same firm at the same time.

Our second hypothesis compares the accuracy ofsisalorecasts between pre- and
post-disastrous events to determine if analyst®dasts are closer or further away from the

firm’s actual announced earnings. A substantialybofiresearch documents the excessive

13



optimism associated with analysts’ expectationsuabdoms’ prospects (La Porta, 1996)
because analysts’ employment incentives createnpakdiases in their output and coverage
decisions. Due to the fear of jeopardizing poténtimestment banking business and losing
access to management as a source of informati@iysas avoid issuing negative earnings
news by choosing to drop coverage of which theyehanfavourable views (Das, Guo, &
Zhang, 2006; Doukas, Kim, & Pantzalis, 2005; McMish& O'Brien, 1997; Scherbina,
2008). Michaely and Womack (1999) stated that aa@te financing, brokerage services,
and proprietary trading are the three main soun€@scome for investment banks. Therefore,
analysts are more likely to be optimistic in thecommendations, especially when their
employer company receives trading commission fem® flarge institutional investors who
have funds in these brokerage houses (Gu et dl3)20 the exposure to natural disastrous
weather events counterbalances the optimism irystsaforecasts, we would expect analysts
to be more accurate after experiencing unfavouraigd@ents. On the other hand, if the
impact of analysts’ pessimism is greater than diaheir pre-existing optimism, analysts’
forecast accuracy might decline. Our second hyithe stated in null form:
H2(null): Forecast accuracy of sell-side equity analysts located in areas

where natural disastrous weather events occur is not different from the
forecast accuracy of analysts located in non-affected areas.

4. Data and research design

a. Natural Disaster Data

We obtain information on natural disaster everagsnfthe Spatial Hazard Events and
Losses Database for the United States (SHELDUShefUniversity of South Carolina.
SHELDUS contains a historical record of the nantieges, and direct losses of the natural
hazards at county level from 1960 to present. Véé&riot the list to major natural disasters

that occurred from 1998 to 2008, the period in \Wwhige are able to identify analysts’

14



locations. Due to the size and geographic diversitythe United States, the country
experiences a variety of different natural disasten a frequent basis. Therefore, not all
natural disasters generate the same level of edoreomd psychological impacts (Cavallo et
al., 2013). We capture the impact on analyst fasecof 17 major and severe natural events
from 1998 to 2008 (see table 1), which are defiaedlisasters that last for less than 30 days
and cause damages of at least 1 billion 2013 condtdlars (Barrot & Sauvagnat, 2016; Hsu
et al., 2018).
INSERT TABLE 1 HERE
b. Analyst Data

The study requires analysts’ names and locationsnabch locations of natural
disasters and analysts’ forecasts. Following Jetrg). (2016), we use Nelson’s Directory of
Investment Research biographical dataset to halhectoanalysts’ names and their
corresponding brokerage house addresses for thed @398 to 2008. Then, we extract and
match individual analysts with their correspondiftgecasts and recommendations from
Thomson Reuters (Jiang et al., 2016). We seleornmdtion on analyst forecasts for U.S
firms traded on NYSE, AMEX, and NASDAQ from I/B/E/Borecasts made by unidentified
analysts with missing stock price information freime Centre for Research in Security Prices
(CRSP) database are excluded. To be consistenthétanalyst literature, we retain only the
latest forecast from each analyst for each firm fandach forecast ending period (Antoniou

et al., 2018).

Table 2 panel A reports the sample selection psce#ge first match the analyst
location data with SHELDUS to identify 1,812 affedtanalysts across 54 counties over the
11-year period. We then obtain all forecasts issopdhese analysts from I/B/E/S Detall
History and Recommendation datasets. The analystdst sample period is extended to two

years prior to the first natural disaster and twarg after the last natural disaster in order to

15



capture the change in analysts’ forecast behavioons the period preceding a disaster event
to the period following such event. We are abledentify 1,006 distinct analysts from 46
affected counties who issued 1,182,285 forecasta 996 to 2010 for 4,915 distinct firms.
Finally, we obtain a group of control analysts, ware non-affected and who issued earnings
forecasts for the same firm for the same fiscaiogeon the same month from I/B/E/S.
Observations that do not have a matched controérgbgon for both the pre- and post-
disaster periods are excluded. The final datasatagts information about 661 affected
analysts from 39 affected counties and 2,545 cbatmalysts who issued 414,849 forecasts
for 2,319 firms over the 13-year period. Table 2gdeB reports the sample distribution by
year.
INSERT TABLE 2 HERE

C. Research design

To compare the earnings forecasts made by andipststhe affected area with non-
affected analysts between the pre- and post-desgvent period, we employ a difference-
in-difference research design. In particular, wenpare the properties of analysts’ forecasts
made by the group of analysts in the natural disastweather area to those made for the
same set of firms by the group of analysts in nideeted areas. Our main model

specification is given below:

Forecast Propertiesijt
= By + B1Affected; + B,Post, + f3Af fected; X Post, + Controls,

+ Fixed Ef fects + ¢,

where i, j, andt denote analysts, firms, and years, respectivelye d@hpendent
variable isForecast Properties. Pessimism level in model (1) and~orecast_Accuracy or
Forecast_ Error in model (2).Pessimism level is the difference between the consensus

forecast of analysts who cover the same firom the same month and an analyst's earnings
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forecast, scaled by the share price in the monir po the announcement dateorecast
accuracy is the absolute difference between an analyst'simgs forecast and the actual
earnings, scaled by the share price in the monitbr po the announcement date. It is
multiplied by -1 for ease of interpretation. Thegliner theForecast_Accuracy, the more
accurate is the analyst. Furthermore, to observetiven analysts’ forecasts are higher or
lower than the actual, we run the DiD model, ugnagitive and negativEorecast_Error,
which is the raw difference between analysts’ fastcand actual earnings announced by
firms. If Forecast_Error is positive, the analyst is optimistic as they esuforecast that is
higher than the actual earnings announced by the Dtherwise, the analyst is considered

pessimistic, as their expectation of the firm’snéags is lower than the actual figure.

The main independent variables incluliéected, Post, and the interaction between
Affected and Post, Affected* Post. Affected is an indicator variable coded as 1 if the analyst
works for a brokerage house in an affected areghensame year that a disastrous event
occurs, and 0 otherwis®ost is an indicator variable that takes 1 if a forééagnade after
the occurrence of a disastrous event and O otherwise coefficient of interest & for
Affected * Post captures the change in affected analysts’ foraxpdtehaviour before and
after a disastrous event relative to a matchedrabmgroup of analysts who did not
experienced the disastrous event.Bf is positive and significant in model (1), where
Pessimism level is the dependent variable, we infer that affectathlysts are more
pessimistic than their peers and issue more aecudoaecast after experiencing natural
disasters. If3z is negative and significant whelferecast_Accuracy is the dependent variable,
affected analysts issue higher and less accuregedsts than their peers after the disaster hits

their brokerage house location.

Our set of control variables include brokerage kousnd analyst-specific

characteristics commonly used in analysing anagshings forecast properties. Michael B
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Clement (1999) finds that brokerage size is pasigiassociated with level of resources and
analysts’ forecast accuracy. Clement also fountlahalysts’ general as well as firm-specific
experience becomes more accurate as they gairaskilknowledge. Job complexity and the
forecast horizon are negatively related to accyragiyen availability of information.
Analysts typically begin with optimistic forecastefore moderating their outlook as the
earnings announcement date approaches; therefi@eumber of lapsed days is positively
associated with forecast accuracy (Ke & Yu, 200&hBrdson, Teoh, & Wysocki, 2004).
Log_brokerage size is the number of analysts in the same brokerageéhn the same year.
General experience is the number of months since an analyst appearetthe 1/B/E/S.
Experience _firmis the number of months analystovers firmj. Log_number_of companies

is the number of companies an analyst covers inear yhat captures analysts’ task
complexity. Log_forecast_horizon is the number of days to a firm’'s fiscal year-end.
Log_day lapsed is the number of days between earnings forecastitanearlier earnings
forecast® We include year fixed effects and firm fixed effe¢o capture the influence of
aggregate (timseries) trends and absorb any time-invariant diffees in unobservable

analyst characteristics.

For each forecast made by an affected analyst, bt@iroforecasts made by other
analysts covering the same firm for the same fategading period on the same month. This
setting mitigates the concern of any firm heter@jncorrelated with analyst forecast
properties because the forecasts are made by fiettieal and non-affected analysts for the
same firm-fiscal year. To examine the duration ishstrous events on analysts, we construct
subsamples that include only forecasts made wighimonths, 6 months, 9 months, 12

months, and 24 months of the disastrous event.ifieigmt coefficients of the interaction

16 We do not include firm-specific control variabledause DiD research design allows us to compaeetatf
and non-affected analysts’ forecast of the sanma fir the same month, which mitigates the impacfirof
specific characteristics on our results.
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terms betweerAffect and Post indicate the lasting duration of these events oalysts’

forecast performance.

5. Main Results

5.1 Summary Statistics

Table 3 presents the summary statistics of the waiimbles used in our study. The
mean (median) of variabRessimism_level in our full sample is -0.00033 (0), which suggests
that, on average, analysts exhibit a high level coihsensus. A negative average
Pessmism_level is also consistent with findings in prior studi@s analyst optimism bias
(Doukas et al., 2005). The average (medignjecast Accuracy is -0.02017 (-0.00193),
which is close to 0 and consistent with the expgemtathat analysts collectively are fairly
accurate. The group of affected analysts, on aeereansists of 36.3% of the total sample.
Our sample is balanced in the number of firms ithlibe pre-disaster period and the post-
disaster period. Hence, varialitest has a mean and median of 0.5. On average, thgstsal
have 7.5 years of general experience, with 2 ye&rkrm-specific experience, and they
follow an average of 12 firms at any point in timéhe sample of brokerage houses has an
average size of 31 analysts. The average forecaigbh is 170 days, with an average of 10

days between earnings forecasts.

INSERT TABLE 3 HERE
5.2 Forecast Pessimism
Next, we discuss the results of our multivariatalgsis. Table 4 reports the result of
our baseline regression, by which the level of ipeissn of affected analysts is compared to
the level of pessimism of non-affected analystse @hpendent variable Ressimism level,
which is the difference between the average foteaafsall analysts following a firm and an
analyst’s forecast in the same month. A posiffessimism level indicates that the analyst
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issues a lower forecast than their average peemstésts (more conservative analysts) while
a negativePessmism level occurs when the analyst's forecast is higher the of their
peers (more optimistic analysts). Due to the funelatad distinction between positive and
negativePessimism level, we split our sample into two subsamples and henRiD model

on these two subsamples to observe the change mntlyst forecast after the occurrence of

natural disastrous events.

INSERT TABLE 4 HERE

The coefficients ofAffected*Post are positive and significant across different time
periods for the subsample of forecasts that areddian the average consensus forecast. The
results suggest that the level of analysts’ pessimincreases for affected analysts in the
period following a major natural disaster. We theramine the timing of the effects of
extreme weather events on forecasts of analystadddn affected areas. Interestingly, the
impact of catastrophic natural events on consemainalysts’ pessimism strengthens over
time as the coefficients diffected* Post increase from 0.014 (t-stat = 3.85) in the 3-month
period to 0.023 (t-stat = 10.71) in the 24-monthiqek A unit increase iAffected* Post is
equivalent to an increase from 11% to 19% in thvellef analysts’ pessimisii.We posit
that earnings forecasts made immediately afteettemt occurrence are more dependent on
information and judgements made prior to the evearid are therefore less sensitive to the
impact of the negative experiences. Our resultsayast to firm-fixed effects and year-fixed
effects, indicating that personal experience ohtural disaster causes conservative analysts

to become more pessimistic in their forecasts.

The results for the subsample of forecasts thathiyleer than the average forecast
vary across different periods and are largely isgiant with our expectation. The negative

and significant coefficients oAffected* Post for the 3-month and 24-month periods indicate

17 Calculated based on the mazassimism level of 0.00123 for forecasts lower than the consensiechst.
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that analysts who issue more optimistic forecast®ime more optimistic after experiencing
natural disasters. We attribute this finding to thation that analyst optimism is more
strongly driven by economic incentives such as stwent banking business and access to
firm management (Lin & McNichols, 1998; McNichols &'Brien, 1997) than the
psychological impacts of the disastrous events.ceethe results observed for the negative
Pessimism_level do not support our view about the detrimental immdaatural disaster on

analysts’ forecasts.

5.3 Forecast Accuracy

This section focuses on whether the experience radtaral disastrous event affects
analysts’ forecast accuracy. Table 5 presents stimation output of our second difference-
in-difference model with-orecast_Accuracy as the dependent variable. Our main conjecture
is that the systematic optimism in analysts’ fostsalocumented in prior studies is mitigated
by the negative impact of extreme weather eventsmalysts, leading to more accurate
forecasts.

INSERT TABLE 5 HERE

The effect of natural disaster events on analysicfst accuracy is reported in Table
5. The negative and significant coefficientsAdffiected* Post across different periodsuggest
that analysts’ forecasts are less accurate aftgrdhe affected by an extreme natural disaster
event. This finding contradicts the notion that lgsis are firms’ professional information
agents, so they would not consciously compromisdr tbareer goal under the emotional
and/or cognitive impact of a natural disaster.

To investigate analysts’ forecasting behaviour essed with disastrous weather
events, we run our difference-in-difference modeForecast Error, which is the directional
difference between an analyst’'s forecast and aeaalings. We obtain the results for two

subsamples, including the negativerecast Error subsample (analysts’ forecasts are lower
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than actual earnings) and the positiverecast Error subsample (analysts’ forecasts are
higher than actual earnings).

Regression results reported in Table 5 Panel B shegative and significant
coefficients of the interaction terms in the negatforecast error subsample, while the
insignificant coefficients are observed for the ipes forecast error subsample. This result
aligns with our findings about pessimism level véieronly conservative analysts exhibit
more negative forecast behaviour after experiennatgral disasters. Affected analysts who
issue low-ball forecasts issue further negativeedasts in the period following a severe
disaster. On average, a unit increaseAffected*Post is associated with a decrease in
accuracy of 1% in the 3-month period to 4% in thendnth period.

To summarise, only conservative analysts who igeuecasts lower than those of
their peers and lower than the actual forecastmagatively affected by extreme weather
events. As a result, these analysts issue morengsss, more negative, and less accurate

forecasts compared to the control group of analysts

6. Sensitivity tests

The September 11 attacks in 2001 (also referredst®/11) destroyed the World
Trade Centre Complex in Lower Manhattan, leadingh® closure of Wall Street until
September 17 and to a massive number of closimdjsedmcation of brokerage houses. Given
this event, w test the robustness of our results on the sapgpied from 2001 to 2008 after

the relocation of a large number of brokerage hause

Tables 6 and 7 present the estimation of the tWerdnce-in-difference models with
Pessimism level and Forecast Accuracy as dependent variables. The coefficient estimates
are similar to our previously reported finding, rit®y indicating that our results are robust

even after brokerage houses relocated due to tee®kent.
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INSERT TABLES 6 AND 7 HERE

In addition, because longer-window forecasts reqggreater judgment and are likely
more susceptible to analyst biases (H.-w. Lin & NudMdls, 1998; Tversky & Kahneman,
1974) we estimate our models using subsamples stomgsiof annual earnings forecasts for
year t+1 and quarterly earnings forecasts for tlgudrters ahead. There are no significant
results documented for the one-year-ahead foredastsrms of analysts’ pessimism and
forecast accuracy. However, regression resultsrieghan Table 9 Panel B indicate that
analysts who previously issued more optimistic dasts (positive forecast errors) issue
lower and more accurate one-year-ahead forecatds thiey experienced severe natural
disasters.

INSERT TABLES 8 AND 9 HERE

The results reported in Tables 10 and 11 for thartgdy forecasts are mostly
consistent with our main results presented in Ta#leand 5, suggesting that conservative
analysts issue more pessimistic quarterly earnfogscasts as they suffer from large and
damaging weather events.

INSERT TABLES 10 AND 11 HERE
7. Additional tests
a. Effects of natural disasters on analysts’ recommerations

Stock recommendations are the expressions of asalysliefs about share values
relative to their market prices, which is a prodattanalysts’ forecasts (Francis & Soffer,
1997). As analysts become more pessimistic afteemancing disastrous weather events, we
further analyse the impact that these events hawanalysts’ recommendations.

We run the difference-in-difference model as a dbgi regression with
Downward_Recommendation as the dependent variable to observe whetheikibéhbod of

an analyst downgrading a firm’s stock recommendaisoaffected by negative experience
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with natural disaster in comparison to stock reca@mdations by control analysts who do not
have the same experience.
INSERT TABLE 12 HERE

The results suggest that analysts do not exhilwhange in their recommendation
behaviours in the 9 months after experiencing @huisasters. However, we find that in the
longer period, 12 months and 24 months after tleng\affected analysts are actually less
likely to downgrade their recommendations of a frmatock (-0.279, t-stat = -4.2). While
analysts might be more pessimistic in estimatimggi earnings, their recommendations
result from a complex process requiring that analyse earnings forecasts as well as other
information to estimate a stock’s value, compate the trading price of the stock, and form
the basis of the recommendations (Healy & Palep01® Our findings are consistent with

the view that analysts’ personal experiences hes®impact on their recommendations.

In summary, personal experience of natural disastreeather events causes analysts
to be significantly more pessimistic after the évéwer time, conservative analysts located
in areas in which disastrous weather events ossurei even lower forecasts, while affected

optimistic analysts seem less affected in theiedast behaviours.

b. Effects of natural disaster on analyst pessimism ding economic
downturns

The effects of natural disaster risks on analystdasting performance can be
amplified and heightened during economic downtuwis.conjecture that the effects of
billion-dollar events during economic downturnsforecast pessimism are more pronounced.
There are two recessions in our sample period (M2001 - Nov 2001 and Dec. 2007 - June
2009), so we estimate the forecast pessimism fiastise four major disasters (one in 2001
and three in 2008) during these recessidhs. effect is indeed stronger on analysts'
pessimism (approximately three times). Specificdlly the subsample with lower earnings
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forecasts than those of consensus analysts, dilvengecession period the estimated
coefficient onAffected* Post ranges from 0.033 to 0.042, whereas during thiesesimple
period the estimated coefficient on the interacterm ranges from 0.014 to 0.023. These
results are consistent with our conjecture thalyatsprocess information differently across
economic states after billion-dollar events.

INSERT TABLE 13 HERE

8. Conclusion

How extreme weather events affect the performaf@nalysts is an important issue
because this will eventually determine the quaditynformation that analysts provide to the
public. In this study, we examined whether disagraveather events affect earnings
forecasts of sell-side analysts located near sushstkrs. We tested our hypotheses by
comparing earnings forecasts issued by analygtsoximity to disaster zones with earnings
forecasts issued by analysts distant from suchszone

Using analyst forecasts in the U.S. market surrmgnd7 major and severe natural
weather events from 1998 to 2008, we documentedpdisonal experience of disastrous
weather events motivates conservative analystsssoei significantly more pessimistic
earnings forecasts. The impact of catastrophic raktevents on conservative analysts’
pessimism strengthens over time. The findings amesistent with our conjecture that
earnings forecasts made immediately after the eaeatdependent on information and
judgements made prior to the events and are therdéss sensitive to the impact of the
negative experiences. Moreover, we found that sgteanalysts who issue low-ball forecasts
issue further negative forecasts (that is, lessurate) in the period following a severe
disaster. These findings contradict the notion #matlysts are firms’ professional information

agents, so they would not consciously compromigdr tareer goals under the emotional
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and/or cognitive impact of a natural disaster. Fjnanalysts appear not to exhibit a change
in their recommendation behaviours in the 9 morgfisr experiencing natural disasters.
However, we found that affected analysts are l&s$ylto downgrade their recommendations
of a firm’s stock 12 months and 24 months afteratastrophic event. These findings are
consistent with the view that analysts’ personagpegences have less impact on their
recommendations.

This study contributes to ongoing investigatioroifinancial analysts’ behaviour in
three ways. First, this study clarified how anaysixtreme personal experiences affect
information processing and opinions. Second, thigysextended the strand of research on
the impact of climate risks on the financial mark&te examined disastrous weather events
across 11 years, thereby providing an extensivdystm how disastrous weather events can
affect analysts' behaviours. Further, this studemded current concerns within the field of
accounting and finance to include the impacts ghificant life events on professionals. In
practice, this research is useful to investors wbnsider analysts' forecasts in investment
decision-making. For regulation-making, the SEC faésed concerns about how exposure to
climate risk might affect firms’ forecasts, and shmight require firms to disclose such
exposure. Finally, this research facilitates userding the impact of climate risk on market
participants and uncovers the extent to which métdisasters might impact society. This
study provided evidence for understanding the impadisastrous weather events on market
participants, namely sell-side analysts, in andadrancreasing climate risk. Future research
may explore the effects of disastrous weather evem other types of financial
intermediaries, for example, credit rating ageneied auditors.

Our study suggests that experiencing negative swam personal nature affects the

behaviour of such sophisticated information intetrages as financial analysts, thereby

26



influencing information dissemination in financialarkets® While most recent work has
focused on traumatic early-life experiences and géenanent effects in the decisions of
corporate managers and sell-side analysts (Beshié., 2016; Clement and Law, 2014), our
study shows that extreme personal events expedelater in adulthood also exert lasting
effects on the performance of financial analystst udy, therefore, suggests an avenue for
future research that focuses other important petdde events that may also affect financial
analysts’ forecasting performanteMore importantly, regardless of the state of tbenemy,
natural disasters are always potentially presemelver, the effects of the natural disaster
risks on analysts’ forecasting performance canrbplified and heightened during economic

downturns.

18 Antoniou et al. (2018) document that sell-sideigganalysts located near major terrorist attackd mass
shootings issue more pessimistic earnings forec&siarveau and Law (2016) show that Louisiana-based
analysts became more pessimistic around the pefibidirricane Katrina.

¥ While several studies (Bernile et al., 2017; Shalg 2017; Roussanov and Savor, 2014; Hood £Pal3;
Malmendier et al., 2011) have investigated the ichjpd life events on the behaviour of firm managamend
investors, studies on how financial analysts redptm such events can be equally meaningful given th
important role of analysts in facilitating theieiént dissemination of market-relevant information
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TABLE 1

List of Major Disasters
This table presents the 17 natural disasters iedud the sample from 1998 to 2008. Following Hisale(2018) and Barrot and Sauvagnat
(2016), we restrict the list to the events thatdassified as Major Disaster in the SHELDUS dasebat the University of South Carolina.
These are events that have total direct estimaigthdes above one billion 2013 constant dollardesglthan 30-day length. Abbreviations
for U.S. states used in the table: AL (Alabama), aska), AZ (Arizona), AR (Arkansas), CA (Califua), CO (Colorado), CT
Connecticut), DE (Delaware), FL (Florida), GA (Ggia), HI (Hawaii), ID (Idaho), IL (lllinois), IN (hdiana), IA (lowa), KS (Kansas), KY
(Kentucky), LA (Louisiana), ME (Maine), MD (Marylal), MA (Massachusetts), Ml (Michigan), MN (MinneaptMS (Mississippi), MO
(Missouri), MT (Montana), NE (Nebraska), NV (NevadsH (New Hampshire), NJ (New Jersey), NM (New lidey, NY (New York),
NC (North Carolina), ND (North Dakota), OH (Ohi@)K (Oklahoma), OR (Oregon), PA (Pennsylvania), Rhdde Island), SC (South
Carolina), SD (South Dakota), TN (Tennessee), T¥xéE), UT (Utah), VT (Vermont), VA (Virginia), WAWashington), WV (West
Virginia), WI (Wisconsin), and WY (Wyoming). The Nees, dates, types and affected states are obthisieet al. (2018) and Barrot and
Sauvagnat (201.

Disaster Year Month Type Affected States

Bonnie 199¢ 8 Hurricane NC, VA

George 199¢ 9 Hurricane AL, FL, LA, MS

Floyd 199¢ 9 Hurricane CT, DC, DE, FL, MD, ME, NCNH, NJ, NY, PA, SC, VA, V'
Alison 2001 6 Hurricane AL, FL, GA, LA, MS, PA, TX

Isabe 200z 9 Hurricane DE, MD, NC, NJ, NY, PA, RI, VA, VT, W

Southern California Wildfire 200: 1C Hurricane CA

Charley 200/ 8 Hurricane  FL, GA, NC, S(

Jeann 200¢ 9 Hurricane AL, FL, GA, KY, MD, NC, NY, OH, PA, SC, VA, W\

Ivan 200¢ 9 Hurricane AL, FL, GA, KY, MD, NC, NY, OH, PA, SC, VA, W\
France 200¢ 9 Hurricane AL, FL, GA, KY, LA, MA, MD, MS, NC, NH, NJ, NY, PASC, TN, W\
Dennis 200t 7 Hurricane AL, FL, GA, MS, NC

Katring 200t 8 Hurricane AL, AR, FL, GA, IN, KY, LA, MI, MS, OH, TN

Rita 200t 9 Hurricane AL, AR, FL, LA, M

Wilma 200t 1C Hurricane FL

Midwest Flood 200¢ 6 Flood:s IA, IL, IN, MN, MO, NE, W

Gusta 200¢ 9 Hurricane AL, AR, LA, MS

Ike 200¢ 9 Hurricane AR, IL, IN, KY, LA, MIl, MO, MS, OH, PA, TN, TX
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TABLE 2
Panel A: Sample Selection

Number of Number of Number of
affected analysts  Number of counties forecasts Number of firms control analysts
Dataset with information about analyst location and
natural hazards from 1998 to 2008 1,812 54
Loss of observations due to missing analyst fotecas

information in I/B/E/¢ (806, (8)

Dataset with information about forecasts made by

analysts affected by natural hazards from 1996 to

2010 1,006 46 1,182,285 4,915

Loss of observations due to missing control analyst

forecast information in I/B/E) (345 (2596

Dataset with information about forecasts made by

affected and control analysts from 1996 to 2010 661 39 414,849 2,319 2,545

Panel B: Sample Distribution by Year
Number of Number of control Number of Number of

Year affected analysts analysts Number of firms counties forecasts
199¢ 15 18 33 4 64
1997 9€ 162 29C 14 1,391
199¢ 177 78¢ 734 18 21,16¢
199¢ 21¢ 1,09/ 90¢ 1¢ 40,65¢
200( 184 531 597 1¢ 9,72¢
2001 152 43¢ 441 18 6,68
200z 16t 451 477 1¢ 4,167
200: 24C 882 824 2E 20,90¢
200¢ 252 1,23 1,011 2E 66,28¢
200t 22¢ 1,26( 95¢ 22 82,66
200¢ 242 1,12¢ 89C 2t 61,64¢
2007 23€ 1,141 87¢ 22 60,84¢
200¢ 17¢ 91¢ 84¢ 18 29,29¢
200¢ 147 45¢ 551 18 9,01¢

201(C 43 67 76 11 327




TABLE 3
Descriptive statistics

This table reports the descriptive statistics far tain variables. Pessimism_level is the diffeedmetween the consensus forecast of analysts whey tiee same firm
j at the same time and an analyst's earnings fetesgaled by the share price in the month priothtd announcement date. It is multiplied by 100 dase of
interpretation. Forecast accuracy is the absoliifterence between an analyst’s earnings forecastlam actual earnings, scaled by the share pritdgeimonth prior to
the announcement date. It is multiplied by -1 fasee of interpretation. Log_brokerage_size is thaber of analysts in the same brokerage in the samae General
experience is the number of months since an andigst appeared in the I/B/E/S. Experience_firm is thumber of months analyst i covers firm
Log_number_of_companies is the number of compariemalyst covers in a year that captures analigstk’complexity. Log_forecast_horizon is the nunifedays
to a firm’s fiscal yee-end. Log_day lapd is the number of days between an earnings faraoalsits earlier earnings foreci

Variable N Mean Std Dev Lower Quatrtile Median UpperQuartile
Pessimism_level 414,84¢ -0.0003: 0.0048¢ -0.0003! 0.0000t 0.0003¢
Forecast Accuracy 414,84 -0.0201° 0.0744. -0.0066: -0.0019: -0.0005¢
Affected 414,84¢ 0.3635: 0.4810: 0.0000( 0.0000t 1.0000(
Post 414,84¢ 0.5(00 0.4999¢ 0.0000( 1.0000¢ 1.0000¢
Log_brokerage size 414,84¢ 3.4456: 0.8551¢ 2.9444. 3.4339¢ 4.0775:
General_experience 414,84! 4.5016° 0.9783! 3.9512: 4.7449: 5.2832(
Log_number_of_companies 414,84 2.5064: 0.4445¢ 2.1972. 2.5649! 2.7725¢
Log_forecast_horizon 414,84 5.1412° 0.9624¢ 4.3307: 5.3706:- 5.8522(
log_day_lapsed 414,84¢ 2.4384; 2.1229: 0.0000( 3.2958: 4.4998:
Experience firm 414,84¢ 3.2125! 1.2163: 2.5649! 3.4012( 4.0430!

-
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TABLE 4
Effect of disastrous weather events on analyst pamism
This table reports the estimated coefficients ef difference-in-difference model. The sample pei®©d996 to 2010. The dependent variabl®assimism level which is the
difference between the consensus forecast of eral® cover the same firm j at the same time atyatis earnings forecast, scaled by the share fmithe month prior to the
announcement datéffected is an indicator variable coded as 1 if the analyatks for a brokerage house that locates in agctdtl area on the same year that a disastrous event
occurs, and 0 otherwis®ogt is an indicator variable that takes 1 if a foréedagnade after the occurrence of the disastroesteand 0 otherwise. *, ** and *** represent
significance at the 10%, 5%, and 1% level, respelti

3 months 6 months 9 months 12 months 24 months
Lower . Higher Lower Higher Lower Higher Higher
than Hégﬂg;;gig L(?c\)/\r/1€sreztr|hsa:1ns than than than than than L(?g\rlfsretnhsilns than
consensus CONSENsSUS CONSENSUS CONSeNsUS CONSensus COoNnsensus consensus
Parameter Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient @ Coefficient Coefficient
(® (® () ® (¥ ® ® ® (® (¥
Affected -0.064*** 0.018*** -0.065*** 0.019*** -0.065*** 0.02%** -0.066*** 0.021*** -0.07*** 0.024***
(-34.07 (7.56 (-35.47 (7.76 (-36.24 (7.88 (-37.24 (7.96 (-40.17 (8.09
Post 0.00¢ 0.006** 0.00( 0.019%** -0.004** 0.028*** -0.007*** 0.032*** -0.023*** 0.038***
(1.36 (2.13 (0.01 (7.88 (-2.06 (12.37 (-3.99 (15.15 (-16) (18.71
Affected* Post 0.014*** -0.01** 0.015%** -0.006 0.015%** -0.004 0.017%** -0.007* 0.023*** -0.02%*=*
(3.85) (-2.02) (5.09) (-1.31) (5.89) (-0.97) (6.78) (-1.8) (20.71) (-5.23)
Log_brokerage size 0.00z 0.007*** 0.001 0.006*** 0.001 0.005*** 0.001 0.005*** 0.0C 0.005***
(1.59 (5.83 (1.05 (4.93 (1.38 4.79 (0.63 4.7, (1.15 (4.44
General_experience 0.001 0.003*** 0.002* 0.003** 0.001 0.002* 0.001 0.002** 0.002** 0.00(¢
(1.41 (2.74 (1.75 (2.31] (1.57 (1.94 (1.62 (2.2) (2.22 (0.44
Log_number_of_companies = -0.009*** -0.00¢ -0.006*** -0.00: -0.007*** -0.00z -0.006*** -0.00z -0.005*** -0.00z
(-3.97 (-1.62 (-2.98 (-1.27 (-3.43 (-0.8) (-3.34 (-0.96 (-2.84 (-0.97
Log_forecast_horizon 0.024*** -0.04**=* 0.024*** -0.037*** 0.023*** -0.035*** 0.023*** -0.035*** 0.023*** -0.037***
(30.84 (-40.07 (33) (-37.77 (34.36 (-36.95 (35.46 (-37.2 (38.4, (-38.3
Log_day lapsed 0.003*** -0.004*** 0.004*** -0.004*** 0.003*** -0.004*** 0.003*** -0.004**= 0.003*** -0.004**=*
(10.52 (-10.45 (11.39 (-10.16 (11.22 (-9.61 (11.02 (-8.84 (12.38 (-9.23
Experience_firm 0.004*** -0.004*** 0.004*** -0.002** 0.004*** -0.002* 0.003*** -0.002** 0.003*** 0.001
(4.53 (-3.58 (4.73 (-2.35 (5.07 (-1.76 (4.98 (-2.11 (5.16 (0.61
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 145,04: 102,67: 165,40: 117,19! 182,06t 129,21 196,08 139,46: 240,03: 174,81¢
R-squared 0.579¢ 0.796¢ 0.572% 0.767( 0.571! 0.741¢ 0.565¢ 0.731¢ 0.534¢ 0.675:
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TABLE 5

Panel A: Effect of disastrous weather events on alst forecast accuracy
This table reports the estimated coefficients ef difference-in-difference model. The sample pei®ti996
to 2010. The dependent variableFsrecast_accuracy which is the absolute difference between an analyst’s
earnings forecast and the actual earnings, scald@tiebshare price in the month prior to the anneumnt
date. It is multiplied by -1 for ease of interpteia. Affected is an indicator variable coded as 1 if the analyst
works for a brokerage house that locates in arctgfearea on the same year that a disastrous eweuts,
and O otherwisePost is an indicator variable that takes 1 if a forégasmade after the occurrence of the
disastrous event and 0 otherwise. *, ** and *** repent significance at the 10%, 5%, and 1% level,
respectively

3 months 6 months =~ 9 months 12 months 24 months

Coefficient Coefficient Coefficient Coefficient = Coefficient

Parameter G G G G (¥
Affected -0.014 0.023 0.046** 0.078*** 0.204%***
(-0.67) (1.1) (2.12) (3.49) (7.89)
Post 0.162*** 0.356*** 0.461*** 0.495%** 0.507***
(5.82) (15.5) (21.55) (24.06) (25.11)
Affected* Post -0.019 -0.064* -0.082** -0.147*** -0.334***
(-0.47) (-1.85) (-2.51) (-4.63) (-10.09)
Log_brokerage size 0.011 0.012 0.008 0.007 0.007
(1.07) (1.12) (0.75) (0.74) (0.68)
General_experience -0.015 -0.017 -0.02** -0.022** -0.022**
(-1.46) (-1.64) (-2) (-2.22) (-2.02)
Log_number_of_companies 0.006 -0.007 0.022 0.013 0.010
(0.24) (-0.29) (0.95) (0.55) (0.41)
Log_forecast_horizon -0.672*** -0.624*** -0.593*** -0.582%** -0.59***
(-77.14) (-73.52) (-70.58) (-70.06) (-67.02)
Log_day lapsed -0.027*** -0.023*** -0.024*** -0.025*** -0.023***
(-7.27) (-6.32) (-6.52) (-7.08) (-6.11)
Experience firm 0.003 0.019* 0.027%** 0.02** 0.037***
(0.35) (2.2) (3.17) (2.4) (4.09)
Year fixed effect Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes
No of obs. 247,714 282,597 311,280 335,546 414,849
R-squared 0.7802 0.7394 0.7067 0.6848 0.5879
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TABLE 5
Panel B: Effect of disastrous weather events on alyst forecast errors
This table reports the estimated coefficients efdiference-in-difference model. The sample per$o#l996 to 2010. The dependent variablEdsecast error whichis the
difference between an analyst's earnings foreaadtthe actual earnings, scaled by the share pmiceel month prior to the announcement dAféected is an indicator
variable coded as 1 if the analyst works for a bragge house that locates in an affected area osathe year that a disastrous event occurs, andebvwise.Post is an
indicator variable that takes 1 if a forecast isdlmafter the occurrence of the disastrous evenDasttierwise. *, ** and *** represent significaneg the 10%, 5%, and 1%
level, respectively

3 months 6 months 9 months 12 months 24 months

Negative Positive Negative Positive Negative Positive Negative Positive Negative Positive
Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast
Error Error Error Error Error Error Error Error Error Error

Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient

Parameter (0 @ @® ) 0 (t) ®) ) (1) (t)

Affected -0.009* 0.047* -0.00¢ 0.042* 0.00¢ 0.043* 0.014* 0.05** 0.041*** 0.044*
(-1.76 (2.95 (-0.71 (1.78 (0.85, (1.85 (2.55 (2.21 (6.58 (1.95
Post -0.024*** 0.063* -0.041*** -0.129%** -0.027*** -0.228*** -0.018%*** -0.272%** -0.039%** -0.632*%**
(-3.75 (1.82 (-7.61 (-4.79 (-5.39 (-9.5) (-3.83 (-12.22 (-8.35 (-33.77
Affected* Post -0.019* -0.060 -0.027*** -0.015 -0.036*** -0.001 -0.055*** -0.010 -0.077*** 0.002
(-1.9) (-1.22) (-3.26) (-0.38) (-4.52) (-0.03) (-7.14) (-0.3) (-9.65) (0.06)
Log_brokerage size 0.00¢ -0.01¢ 0.00¢ -0.01¢ 0.00: -0.01: 0.004* -0.01: 0.006** -0.01:
(1.44 (-1.41 (1.62 (-1.3 (1.44 (-1.19 (1.68 (-1.1) (2.35, (-1.32
General_experience -0.005** 0.00¢ -0.005* 0.00¢ -0.005** 0.00¢ -0.004* 0.00¢ -0.008*** -0.00:
(-2.05 (0.67 (-1.91 (0.65, (-2.12 (0.51 (-1.82 (0.47 (-3.12 (-0.26
Log_number_of_companies 0.00¢ -0.03¢ 0.00: -0.05* 0.00¢ -0.056** 0.00¢ -0.053** 0.0C -0.038*
(0.84 (-1.33 (0.58 (-1.85 (0.96 (-2.19 (0.88 (-2.15 (0.72 (-1.72
Log_forecast_horizon -0.152*** 0.951*** -0.156*** 0.901** -0.158*** 0.879*** -0.161**=* 0.848*** -0.174**=* 0.797**
(-71.2 (81.38 (-74.59 (84.4 (-76.05 (87.07 (-78) (88.41 (-80.43 (90.82
Log_day lapsed -0.013*** 0.035*** -0.0171%*= 0.037** -0.011*** 0.037*** -0.01 %= 0.038*** -0.012**=* 0.038***
(-14.74 (7.77 (-12.52 (8.95 (-12.04 (9.54 (-12.27 (20.07 (-12.72 (11.11
Experience_firm 0.00¢ -0.00¢ 0.006*** -0.00: 0.008*** 0.00z 0.007*** 0.00(¢ 0.011*** 0.00¢
(.25 (-0.61 (2.82 (-0.24 (3.91; (0.17 (3.73 (0.02 (5.27 (1.05
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 119,12¢ 128,58t 136,82: 145,77¢ 151,62 159,65t 164,33! 171,21: 203,45( 211,39¢
R-squared 0.822( 0.769: 0.7927 0.777¢ 0.768: 0.760: 0.756: 0.756: 0.698: 0.717:
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TABLE 6
Sensitivity test
Effect of disastrous weather events on analyst fecast pessimism for the sub sample: 2001 - 2010
This table reports the estimated coefficients efdfiference-in-difference model. The dependeniabée isPessimism_|evel which is the difference between the consensus ésteaf
analysts who cover the same firm j at the same &@intean analyst’'s earnings forecast, scaled bghhee price in the month prior to the announcerdate.Affected is an indicator
variable coded as 1 if the analyst works for a bralge house that locates in an affected area osatne year that a disastrous event occurs, andedwise.Post is an indicator
variable that take 1 if a forecast is made aftthe occurrence of the disastrous event and 0 otberd# ** and*** represent significance at the 10%, 5%, and EMel, respectively

3 months 6 months 9 months 12 months 24 months
Lower . Higher Lower Higher Lower Higher Higher
than Héggg;;gig ng\rl]ir;nhsil than than than than than L:%ire;hsil than
consensus CONSENSUS = CONSENSUS CONSENSUS CONSENsSUS CONsSensus consensus
Parameter Coefficient  Coefficient Coefficient  Coefficient = Coefficient Coefficient Coefficient Coefficient = Coefficient  Coefficient
® (t) t) ® ® (t) ® t) ® (t)
Affected -0.06*** 0.018*** -0.062*** 0.02*** -0.062*** 0.021*** -0.063*** 0.021*** -0.07*** 0.024***
(-27.99) (6.8) (-29.36) (7.51) (-30) (7.44) (-30.96) (7.42) (-40.17) (8.09)
Post 0.007** -0.002 0.001 0.013*** -0.002 0.024*** -0.006*** 0.033*** -0.023*** 0.038***
(2.41) (-0.64) (0.57) (4.99) (-1.06) (9.79) (-3.09) (14.17) (-16) (18.71)
Affected* Post 0.016*** -0.018*** 0.018*** -0.011** 0.019*** -0.007 0.019%** -0.009** 0.023*** -0.02***
(3.75) (-3.33) (5.28) (-2.29) (5.96) (-1.48) (6.63) (-2.19) (20.71) (-5.23)
Log_brokerage size 0.002* 0.007*** 0.001 0.006*** 0.002* 0.006*** 0.001 0.005*** 0.00 0.005***
(1.8) (5.94) (1.35) (5.23) 1.7) (4.83) (1.23) (4.68) (2.15) (4.44)
General_experience 0.002* 0.003** 0.002** 0.002* 0.002* 0.002 0.002** 0.002 0.002** 0.000
(2.73) (2.45) (2.02) (1.69) (2.93) (2.31) (2.12) (1.45) (2.22) (0.44)
Log_number_of_companies = -0.011*** -0.003 -0.008*** -0.002 -0.009*** -0.001 -0.009*** -0.001 -0.005*** -0.002
(-4.26) (-1.07) (-3.51) (-0.67) (-3.82) (-0.32) (-3.86) (-0.42) (-2.84) (-0.97)
Log_forecast_horizon 0.026*** -0.042x** 0.026*** -0.038*** 0.025*** -0.036*** 0.025*** -0.035*** 0.023*** -0.037***
(29.02) (-39.23) (30.44) (-35.78) (31.59) (-34.14) (32.39) (-33.82) (38.4) (-38.3)
Log_day lapsed 0.004*** -0.004*** 0.004*** -0.004*** 0.003*** -0.004*** 0.003*** -0.003*** 0.003*** -0.004***
(9.67) (-9.19) (10.12) (-8.73) (9.92) (-8.36) (9.81) (-7.66) (12.38) (-9.23)
Experience_firm 0.004*** -0.003*** 0.004*** -0.002* 0.004*** -0.001 0.004*** -0.002* 0.003*** 0.001
(4.55) (-2.7) (4.68) (-1.67) (4.87) (-1.39) (4.79) (-1.77) (5.16) (0.61)
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 114,620 86,387 129,311 97,727 141,137 106,938 151,399 114,848 240,031 174,818
R-squared 0.5812 0.7973 0.5722 0.7677 0.5718 0.7412 0.5671 0.7285 0.5349 0.6751
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TABLE 7

Sensitivity test
Panel A: Effect of disastrous weather events on ahgst forecast accuracy for the sub sample: 2001 020
This table reports the estimated coefficients & difference-in-difference model. The dependentatée is
Forecast accuracy which is the absolute difference between an analyst'siegs forecast and the actual
earnings, scaled by the share price in the morith for the announcement date. It is multiplied byfer ease of
interpretation Affected is an indicator variable coded as 1 if the analy@tks for a brokerage house that locates
in an affected area on the same year that a dissséivent occurs, and 0 otherwiBest is an indicator variable
that takes 1 if a forecast is made after the oeowe of the disastrous event and O otherwise. *arff ***
represent significance at the 10%, 5%, and 1% |egspectively.

3 months 6 months 9 months 12 months = 24 months

Parameter Coefficient Coefficient = Coefficient Coefficient = Coefficient

® ® ®) ®) ®
Affected -0.029 0.027 0.051** 0.079*** 0.204***
(-1.34) (1.22) (2.16) (3.28) (7.12)
Post -0.019 0.239*** 0.394** 0.495*** 0.502**
(-0.66) (9.75) (17.09) (22.37) (23.05)
Affected* Post -0.067 -0.139%*  -0.127*** -0.189*** -0.365***
(-1.51) (-3.63) (-3.47) (-5.32) (-9.76)
Log_brokerage size 0.014 0.016 0.010 0.009 0.008
(1.3) (1.47) (0.92) (0.84) (0.73)
General_experience -0.017 -0.02* -0.026** -0.028*** -0.028**
(-1.63) (-1.86) (-2.46) (-2.61) (-2.44)
Log_number_of_companies 0.003 -0.005 0.033 0.024 0.020
(0.11) (-0.21) (1.3) (0.94) (0.76)
Log_forecast_horizon -0.662*** -0.601*** -0.562*** -0.544%* -0.566***
(-72.01) (-65.78) (-61.3) (-59.76) (-57.52)
Log_day lapsed -0.019*** -0.017** -0.018*** -0.02%+* -0.018***
(-5.06) (-4.3) (-4.68) (-5.11) (-4.35)
Experience_firm 0.010 0.027*** 0.033*** 0.025*** 0.045***
(1.18) (3.31) (3.59) (2.78) (4.61)
Year fixed effect Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes
No of obs. 201,007 227,038 248,075 266,247 335,161
R-squared 0.7956 0.7536 0.7179 0.6934 0.5754
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TABLE 7
Sensitivity test
Panel B: Effect of disastrous weather events on alyst forecast errors for the sub sample 2001 - 201

This table reports the estimated coefficients ef difference-in-difference model. The dependeniabée isForecast Error, which is the difference between an analyst’s
earnings forecast and the actual earnings, scaledebshare price in the month prior to the anneument dateAffected is an indicator variable coded as 1 if the analyst
works for a brokerage house that locates in arctgfearea on the same year that a disastrous eveats, and O otherwisBost is an indicator variable that takes 1 if a
forecast is made after the occurrence of the dmasevent and 0 otherwise. *, ** and *** repressignificance at the 10%, 5%, and 1% level, respeigt

3 months 6 months 9 months 12 months 24 months

Negative Positive Negative Positive Negative Positive Negative Positive Negative Positive
Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast

Error Error Error Error Error Error Error Error Error Error
Parameter Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient
® ® ®) ®) ® ® ® ® ® ®
Affected -0.015*** 0.071*** -0.00¢ 0.058** 0.00: 0.054** 0.011* 0.06** -0.006** 0.05***
(-2.86 (2.68 (-0.96 (2.26 (0.48 (2.13 (.87 (2.41 (-2.09 (3.17
Post -0.041*** 0.139*** -0.05*** -0.059** -0.027*** -0.148*** -0.00¢ -0.212%** 0.181*** 0.18¢
(-5.99 (3.68 (-8.76. (-2) (-5.16 (-5.59 (-1.55 (-8.65 (4.94 (1.01
Affected* Post -0.017 -0.016 -0.042*** 0.031 -0.044*** 0.032 -0.059*** 0.027 -0.007* -0.013
(-1.6) (-0.29) (-4.54) (0.7) (-4.98) (0.8) (-6.95) (0.72) (-1.72) (-0.57)
Log_brokerage size 0.001 -0.028** 0.00z -0.028** 0.00z -0.024** 0.00: -0.021° -0.001 -0.019***
(0.48 (-2.11 (0.85 (-2.23 (0.71 (-2.03 (0.96 (-1.86 (-1.16 (-3.08
General_experience -0.005** 0.012 -0.005** 0.011 -0.006** 0.00¢ -0.005* 0.00¢ -0.00z 0.011*
(-1.98 (0.91 (-2.1) (0.85 (-2.36 (0.75; (-1.96 (0.55 (-1.6) (1.82
Log_number_of companies 0.015** -0.03¢ 0.014** -0.051* 0.017*** -0.058** 0.014** -0.058** -0.004* -0.01«
(2.56; (-1.04 (2.5 (-1.68 (2.88 (-2.03 (2.51 (-2.08 (-1.71 (-0.97
Log_forecast_horizon -0.151%** 0.922*** -0.152*** 0.866*** -0.153*** 0.846*** -0.153*** 0.812*** -0.215%** 1.207***
(-65.38 (71.28 (-67.94 (72.78 (-68.13 (74.69 (-68.61 (75.5, (-155.81 (152.3
Log_day lapsed -0.014*** 0.024*** -0.012*** 0.027*** -0.011*** 0.028*** -0.011%** 0.029*** -0.01*** 0.023***
(-14.33 (4.91 (-12.34 (5.92 (-11.7 (6.46 (-11.95 (7.03 (-22.7 (9.41;
Experience_firm 0.00: -0.01Z 0.006*** -0.00¢ 0.008*** -0.001 0.008*** -0.00z 0.007*** -0.015%**
(1.35 (-1.07 (2.76 (-0.48 (3.63 (-0.13 (3.63 (-0.15’ (7.47 (-2.79
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 97,55¢ 103,44t 110,76¢ 116,27( 121,72° 126,34¢ 131,22: 135,02: 448,12¢ 491,30¢
R-squared 0.828¢ 0.771¢ 0.806( 0.767¢ 0.781: 0.763¢ 0.766¢ 0.759¢ 0.819:¢ 0.840;
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TABLE 8
Sensitivity Test
Effect of disastrous weather events on analyst pésgsm (one year ahead earnings forecasts)
This table reports the estimated coefficients efdifference-in-difference model. The sample pei®#i996 to 2010. The dependent variablPéssimism _level which is
the difference between the consensus forecastalysta who cover the same firm j at the same ting @an analyst’s earnings forecast, scaled by theesprice in the
month prior to the announcement daiffected is an indicator variable coded as 1 if the analystks for a brokerage house that locates in aectdtl area on the same
year that a disastrous event occurs, and 0 otherRgst is an indicator variable that takes 1 if a foréedasmade after the occurrence of the disastroenteand O

otherwise. *, ** and *** represent significance the 10%, 5%, and 1% level, respective

3 months 6 months 9 months 12 months 24 months
Lower Higher Lower Higher Lower Higher Lower Higher Lower Higher
than than than than than than than than than than
CONSeNsUS CONSensuUsS CONSensus CONSensus CONSEeNsSuUsS CONSENsSUS CONSENsSUS CONSensus COoNsSensus consensus
Parameter Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient
® ® ® ® ® ® ® ® ® ®
Affected -0.019*** 0.007 -0.019%** 0.00¢ -0.019*** 0.00t -0.018*** 0.01( -0.022*** 0.021
(-2.99 (0.67 (-2.95 (0.52 (-3) (0.48 (-2.92 (0.93 (-3.58 (1.6)
Post 0.00¢ 0.039*** 0.009’ 0.042*** 0.008* 0.038*** 0.00¢ 0.047*** -0.011*** 0.081***
(1.13 (5.15 (1.76 (5.98 Q.74 (5.72, (1.31 (7.21 (-2.93 (11.92
Affected* Post 0.002 0.009 -0.005 0.008 -0.005 0.010 -0.004 0.011 0.01 0.002
(0.27) (0.59) (-0.57) (0.6) (-0.74) (0.78) (-0.54) (0.82) (1.56) (0.12)
Log_brokerage size -0.009*** 0.001 -0.007*** 0.00(¢ -0.007*** 0.00z -0.009*** 0.00: -0.006*** 0.00z
(-3.42 (0.2) (-2.59 (0.06 (-2.75; (0.47 (-3.71 (0.93 (-2.66 (0.51;
General_experience 0.012%** -0.00¢ 0.011*** -0.007* 0.011*** -0.007* 0.011*** -0.008** 0.012%** -0.009**
(4.34, (-1.17 (4.14 (-1.81 (4.03 (-1.93 (4.32 (-2.09 (4.75, (-2.12
Log_number_of_companies 0.00z -0.001 0.003 0.001 0.00¢ 0.001 0.001 0.00: 0.0C -0.00¢
(0.3) (-0.09 (1.11 (0.08 (0.65 (0.12 (0.17 (0.34 (0.47 (-0.28
Log_forecast_horizon -0.013* -0.00z -0.00¢ 0.007 -0.007 -0.007 -0.00¢ -0.01¢ 0.0C -0.01z
(-2.07 (-0.14 (-0.84 (0.69 (-1.37 (-0.71 (-0.88 (-1.41 (-0.45; (-1.06;
Log_day lapsed 0.001 -0.007** 0.001 -0.008*** 0.00z -0.007*** 0.001 -0.006** 0.003* -0.006*
(0.39 (-2.39 (0.55 (-2.86 (0.99 (-2.58 (0.69 (-2.03 (1.76 (-1.67
Experience_firm -0.006** 0.00¢ -0.00¢ 0.00: -0.00: 0.00z -0.004* 0.00: -0.004* 0.00¢
(-2.33 (0.83 (-1.64 (0.76 (-1.38 (0.64 (-1.74 (0.69 (-1.88 (1.64
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 10,63( 8,82( 12,02( 9,84¢ 12,88( 10,47: 13,99: 11,23 17,95 14,58¢
R-squared 0.887¢ 0.918¢ 0.883¢ 0.912: 0.881: 0.907: 0.876: 0.891: 0.846: 0.795:
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TABLE 9
Sensitivity Test
Panel A: Effect of disastrous weather events on ahest forecast accuracy
(one year ahead earnings forecasts)

This table reports the estimated coefficients efdifference-in-difference model. The sample pei®ti996

to 2010. The dependent variableFarecast accuracy which is the absolute difference between an analyst’s
earnings forecast and the actual earnings, scalatieoshare price in the month prior to the anneument
date. It is multiplied by -1 for ease of interpteia. Affected is an indicator variable coded as 1 if the analyst
works for a brokerage house that locates in arct#fearea on the same year that a disastrous ewveuts,
and O otherwisePost is an indicator variable that takes 1 if a forégasmade after the occurrence of the

disastrous event and 0 otherwise. *, ** and *** repent significance at the 10%, 5%, and 1% level,
respectively

3 months 6 months 9 months 12 months = 24 months

Coefficient Coefficient Coefficient Coefficient Coefficient
Parameter

(t) ® (t) ® (t)
Affected 0.010 0.010 0.007 0.005 -0.004
(0.44) (0.44) (0.27) (0.21) (-0.16)
Post 0.058 0.084 -0.036 -0.061 -0.017
(0.15) (0.23) (-0.09) (-0.15) (-0.04)
Affected* Post 0.031 0.038 0.052 0.037 0.032
(0.43) (0.8) (1.24) (0.94) (0.94)
Log_brokerage size 0.068*** 0.069*** 0.06*** 0.054*** 0.027**
(5.06) (5.7) (5.07) (4.81) (2.69)
General_experience 0.007 0.003 -0.005 -0.002 -0.002
(0.54) (0.27) (-0.46) (-0.14) (-0.22)
Log_number_of_companies -0.018 -0.010 -0.003 -0.008 -0.005
(-0.63) (-0.38) (-0.12) (-0.32) (-0.25)
Log_forecast_horizon -0.656*** -0.617*** -0.605*** -0.564*** -0.609***
(-9.95) (-10.18) (-9.97) (-9.96) (-11.41)
Log_day_lapsed -0.032*** -0.034*** -0.03*** -0.028*** -0.022***
(-3.39) (-4.03) (-3.59) (-3.49) (-3.18)
Experience_firm 0.008 0.014 0.014 0.012 0.014
(0.65) (1.34) (1.36) (1.25) (1.58)
Year fixed effect Yes Yes Yes Yes Yes
Analyst fixed effect Yes Yes Yes Yes Yes
No of obs. 37,259 43,754 50,367 54,014 68,952
R-squared 0.9781 0.9771 0.9744 0.9744 0.9729
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TABLE 9
Sensitivity Test
Panel B: Effect of disastrous weather events on alyst forecast errors
(one year ahead earnings forecasts)
This table reports the estimated coefficients efdiference-in-difference model. The sample per#otl996 to 2010. The dependent variabledsecast Error whichiis the
difference between an analyst’s earnings forecadtthe actual earnings, scaled by the share pmi¢kei month prior to the announcement daféected is an indicator
variable coded as 1 if the analyst works for a brage house that locates in an affected area osatie year that a disastrous event occurs, andedwase.Post is an
indicator variable that takes 1 if a forecast iglmafter the occurrence of the disastrous evenDasttierwise. *, ** and *** represent significanes the 10%, 5%, and 1%
level, respectively

3 months 6 months 9 months 12 months 24 months
Negative Positive Negative Positive Negative Positive Negative Positive Negative Positive
Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast
Error Error Error Error Error Error Error Error Error Error
5 Coefficien Coefficient Coefficient Coefficien = Coefficien e Coefficien Coefficien Coefficient Coefficien
arameter t ® ® t t ® t t ® t
® ® ® ® ® ®
Affected -0.039** -0.071 -0.037** 0.00¢ -0.034** 0.061 -0.02¢ 0.06¢ -0.001 0.187***
(-2.24 (-1.3) (-2.08 (0.08 (-1.98 (2.02 (-1.46 (1.07 (-0.05 3)
Post 0.055*** -0.12** 0.05*** -0.121** 0.048*** -0.158*** 0.067*** -0.165*** 0.124*** -0.256***
(3.66 (-2.43 (3.51 (-2.48 (3.64 (-3.28 (5.09 (-3.62 (9.15 (-6.28
Affected* Post 0.029 -0.096 0.029 -0.222%** 0.034 -0.348*** 0.011 -0.314*** -0.040 -0.397***
(1.16) (-1.25) (1.24) (-2.94) (1.51) (-4.64) (0.47) (-4.36) (-1.57) (-5.74)
Log_brokerage size 0.001 -0.031 0.00: -0.00¢ 0.00¢ -0.007 0.00¢ -0.00¢ 0.00¢ -0.007
(0.12 (-1.4) (0.25 (-0.27 0.47 (-0.29 (0.85 (-0.18 (0.84, (-0.3)
General_experience -0.013* 0.011 -0.015** -0.001 -0.015** -0.011 -0.017** -0.022 -0.021*** -0.02¢
(-1.83 (0.46 (-2.17 (-0.06 (-2.22 (-0.44 (-2.46 (-0.87 (-2.74 (-1.04
'S‘og—”“mber—c’f—compa”'e -0.012 0.046 -0.004 0.046 0.000 0.048 0.004 0.041 0.015 0.000
(-0.81 (0.93 (-0.24 (0.91 (0.03 (0.92 (0.28 (0.8) (0.91] (-0.01
Log_forecast_horizon -0.059*** 0.438*** -0.059%** 0.421*** -0.081*** 0.408*** -0.092%** 0.436*** -0.106*** 0.433***
(-3.12 (6.84 (-3.42 (6.81 (-4.86 (6.55, (-5.51 (7.14 (-5.51 (7.6
Log_day lapsed -0.00¢ 0.034* -0.007% 0.033* -0.00¢ 0.038* -0.007 0.038* -0.00¢ 0.043**
(-0.93 (1.78 (-1.24 (1.68 (-1.56 (1.88 (-1.17 (1.93 (-0.95 (2.25
Experience_firm 0.01¢( -0.02: 0.01( -0.021 0.00¢ -0.01¢ 0.00¢ -0.01% 0.00¢ -0.01¢
(1.64 (-1.11 (1.54 (-0.98 (.42 (-0.86 (1.44 (-0.76 (0.56 (-0.74
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 12,00z 7.,44¢ 13,38 8,48: 14,21: 9,141 15,33« 9,88¢ 19,97 12,567
R-squared 0.904( 0.968( 0.895¢ 0.963¢ 0.894: 0.957% 0.877: 0.954¢ 0.782¢ 0.937!
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TABLE 10
Sensitivity Test
Effect of disastrous weather events on analyst focast pessimism
(four-quarter-ahead earnings forecasts)
This table reports the estimated coefficients ef difference-in-difference model. The sample pei®d996 to 2010. The dependent variabl®éssimism_level which is the
difference between the consensus forecast of aealjio cover the same firm j at the same time andrelyst’s earnings forecast, scaled by the ghréze in the month prior to
the announcement datffected is an indicator variable coded as 1 if the analystks for a brokerage house that locates in agctdtl area on the same year that a disastrous
event occurs, and 0 otherwid®ost is an indicator variable that takes 1 if a forééasnade after the occurrence of the disastroesteand O otherwise. *, ** and *** represent

significance at the 10%, 5%, al% level, respectively

3 months 6 months 9 months 12 months 24 months
Lower Higher Lower Higher Higher Higher Higher
than tr?an than tr?an s tr?an Lower than tr?an e tr?an
concensus concensus concensus
CONcensus Cconcensus Cconcensus concensus concensus concensus concensus
Parameter Coefficient Coefficient Coefficient Coefficient = Coefficient  Coefficient Coefficient Coefficient  Coefficient  Coefficient
®) ®) ® ® ® ®) ®) ®) ®) (t)
Affected -0.078* 0.001 -0.063 -0.009 -0.08** -0.045 -0.081** -0.026 -0.022*** 0.021
(-1.65) (0.01) (-1.46) (-0.12) (-2.03) (-0.68) (-2.13) (-0.41) (-3.58) (1.6)
Post -0.006** 0.003 -0.004* 0.005* -0.003 0.006*** -0.006*** 0.008*** -0.011*** 0.081***
(-2.4) (0.8) (-1.93) (1.9 (-1.53) (3.01) (-3.75) (4.02) (-2.93) (11.92)
Affected* Post 0.007* 0.000 0.004 0.000 0.001 -0.003 0.003 -0.004 0.01 0.002
(1.82) (-0.04) (1.24) (-0.05) (0.28) (-0.64) (1.01) (-0.92) (1.56) (0.112)
Log_brokerage size -0.04** 0.048 -0.036** 0.059* -0.037*** 0.052* -0.036*** 0.056** -0.006*** 0.002
(-2.26) (1.39) (-2.28) (1.94) (-2.76) (1.88) (-2.73) (2.06) (-2.66) (0.51)
General_experience -0.025***  -0.031***  -0.024***  -0.057*** -0.023*** -0.071*** -0.021*** -0.062*** 0.012*** -0.009**
(-3.31) (-3.35) (-3.49) (-6.44) (-3.47) (-8.23) (-3.39) (-7.4) (4.75) (-2.12)
Log_number_of_companies -0.006 0.040 -0.026 0.066** -0.006 0.074** 0.017 0.081* 0.00 -0.003
(-0.26) (1.16) (-1.25) (2.04) (-0.32) (2.29) (0.93) (2.54) 0.47) (-0.28)
Log_forecast_horizon 0.015*** -0.015%** 0.016*** -0.014*** 0.016*** -0.014x** 0.015*** -0.015%** 0.00 -0.012
(15.43) (-11.42) (17.54) (-11.15) (18.4) (-11.57) (18.75) (-12.29) (-0.45) (-1.06)
Log_day lapsed -0.003*** 0.003*** -0.003*** 0.003*** -0.003*** 0.003*** -0.003*** 0.003*** 0.003* -0.006*
(-8.46) (5.11) (-7.93) (5.3) (-8.53) (5.57) (-9.15) (5.71) (1.76) (-1.67)
Experience_firm 0.017*** -0.009** 0.015** 0.012%** 0.017*** 0.026*** 0.018*** 0.016*** -0.004* 0.006
(5.73) (-1.99) (5.75) (2.97) (6.8) (6.32) (7.47) 4) (-1.88) (1.64)
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 89,847 67,815 104,093 78,481 116,423 87,813 126,411 95,337 17,951 14,589
R-squared 0.818: 0.924« 0.812¢ 0.912( 0.807¢ 0.901% 0.799: 0.895( 0.846: 0.795:
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TABLE 11
Sensitivity Test
Panel A: Effect of disastrous weather events on ahest forecast accuracy
(four-quarter-ahead earnings forecasts)
This table reports the estimated coefficients efdifference-in-difference model. The sample pei®ti996
to 2010. The dependent variableFarecast accuracy which is the absolute difference between an analyst’s
earnings forecast and the actual earnings, scalatieoshare price in the month prior to the anneument
date. It is multiplied by -1 for ease of interpteia. Affected is an indicator variable coded as 1 if the analyst
works for a brokerage house that locates in arct#fearea on the same year that a disastrous ewveuts,
and O otherwisePost is an indicator variable that takes 1 if a forégasmade after the occurrence of the
disastrous event and 0 otherwise. *, ** and *** repent significance at the 10%, 5%, and 1% level,
respectively

3 months 6 months 9 months 12 months = 24 months

Coefficient Coefficient Coefficient Coefficient Coefficient

Parameter G (¥ G (t G
Affected -0.006** -0.004 -0.002 0.000 0.007**
(-2) (-1.33) (-0.85) (-0.04) (2.46)
Post 0.015*** 0.02*** 0.023*** 0.023*** 0.014***
(3.82) (6.73) (8.76) (9.51) (6.76)
Affected* Post -0.002 -0.002 -0.004 -0.007* -0.015%**
(-0.43) (-0.49) (-0.88) (-1.73) (-4.13)
Log_brokerage size 0.007*** 0.007** 0.006*** 0.006*** 0.006***
(4.99) (5.04) (5.11) (5.26) (5.47)
General_experience 0.009*** 0.008** 0.007*** 0.006*** 0.006***
(6.25) (6.19) (5.39) (5.31) (5.4)
Log_number_of_companies 0.002 0.005 0.006** 0.007*** 0.007***
(0.75) (1.52) (2.01) (2.66) (2.9)
Log_forecast_horizon 0.002 0.002 0.003** 0.003*** 0.001
(1.21) (1.58) (2.55) (2.58) (0.5)
Log_day_lapsed 0.000 0.000 0.000 0.000 0.000
(-0.34) (0.28) (0.36) (0.33) (0.23)
Experience firm -0.003*** -0.003*** -0.002* -0.003** -0.001
(-2.9) (-2.76) (-1.84) (-2.43) (-1.3)
Year fixed effect Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes
No of obs. 157,662 182,574 204,236 221,748 276,196
R-squared 0.3393 0.2989 0.2691 0.2564 0.2270
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TABLE 11
Sensitivity Test
Panel B: Effect of disastrous weather events on alyst forecast errors (four-quarter-ahead earnings érecasts)
This table reports the estimated coefficients efdtference-in-difference model. The sample peirsot096 to 2010. The dependent variableédsecast Error whichis the

difference between an analyst’s earnings foreagastlze actual earnings, scaled by the share pritteei month prior to the announcement dattected is an indicator
variable coded as 1 if the analyst works for a bralge house that locates in an affected area aathe year that a disastrous event occurs, arttewose.Post is an
indicator variable that takes 1 if a forecast isimafter the occurrence of the disastrous evenOartberwise. *, ** and *** represent significaneg¢the 10%, 5%, and 1%

level, respectively

3 months 6 months 9 months 12 months 24 months
Negative Positive Negative Positive Negative Positive Negative Positive Negative Positive
Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast
Error Error Error Error Error Error Error Error Error Error
Parameter Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient
(® (® ® ® ® (¥ () () (¥ ®
Affected -0.00z 0.00¢ -0.001 0.00« 0.00¢ 0.00¢ 0.016*** 0.01: 0.04*** 0.011
(-0.32 (0.21 (-0.16 (0.16 (1.3 (0.33 (2.71 (0.52 (5.51 (0.48
Post 0.013** -0.02¢ -0.00z -0.164*** 0.001 -0.205*** 0.00¢ -0.224*** -0.009° -0.545%**
(12.98 (-0.7) (-0.51 (-6.38 (0.18 (-9.03 (0.98 (-10.75 (-1.74 (-30.48
Affected* Post -0.013 0.026 -0.016* 0.027 -0.02** 0.030 -0.039*** 0.026 -0.061*** 0.016
(-1.24) (0.53) (-1.86) (0.68) (-2.4) (0.87) (-4.79) (0.8) (-6.71) (0.55)
Log_brokerage size 0.001 -0.01¢ 0.00z -0.012 0.00z -0.01( 0.001 -0.00¢ 0.00: -0.00¢
(0.61 (-1.26 (0.64 (-1.06 (0.69 (-0.96 (0.59 (-0.8) (0.98 (-0.99
General_experience -0.00z 0.012 -0.00z 0.011 -0.004* 0.00¢ -0.00: 0.00¢ -0.006** 0.00:
(-0.86 (0.97 (-1) (0.99 (-1.66 (0.86 (-1.09 (0.85 (-2.35 (0.36,
Log_number_of_companies 0.00¢ -0.061** 0.00: -0.067** 0.00¢ -0.073*** 0.00¢ -0.066*** 0.00¢ -0.056**
(1.43 (-2.11 (0.61; (-2.54 (1.44 (-2.93 (0.94 (-2.78 (0.77 (-2.55
Log_forecast_horizon -0.073*** 0.533*** -0.076*** 0.492*** -0.08*** 0.48*** -0.083*** 0.462*** -0.099*** 0.419***
(-30.81 (41.74 (-32.32 (42.75 (-33.48 (44.57 (-35.11 (45.71 (-37.77 (44.51
Log_day lapsed 0.002** -0.054*** 0.003*** -0.05*** 0.004*** -0.048*** 0.004*** -0.045*** 0.003*** -0.04***
(2.02 (-11.77 (3.78 (-11.95 (4.11; (-12.25 4.77 (-11.98 (2.97 (-11.48
Experience_firm -0.001 0.00¢ 0.00z 0.011 0.004** 0.01¢ 0.004* 0.01: 0.007*** 0.021**
(-0.5) (0.88 (0.89 (1.13 (1.99 (1.5 (1.75, (2.51 (3.07, (2.5)
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 78,64( 79,02: 91,66: 90,91: 103,24 100,99: 112,64t 109,10: 140,23! 135,96:
R-squared 0.876: 0.808¢ 0.846¢ 0.804! 0.815¢ 0.800: 0.800: 0.796¢ 0.723: 0.747¢
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TABLE 12

Effect of natural disaster on analyst recommendatio
This table reports the estimated coefficients af thfference-in-difference model. The sample
period is 1996 to 2010. The dependent variab@osnward_Recommendation, which is a dummy
variable that takes the value of 1 if an analygrddes a firm's stock recommendatiéffected is
an indicator variable coded as 1 if the analystksdor a brokerage house that locates in an affecte
area on the same year that a disastrous eventspana 0 otherwisd?ost is an indicator variable
that takes 1 if a forecast is made after the oetiee of the disastrous event and 0 otherwise. *, **
and *** represent significance at the 10%, 5%, &fdlevel, respectivel

3 months 6 months = 9 months 12 months 24 months

Parameter Coefficient Coefficient Coefficient Coefficient Coefficient

® ® ® ® ®
Affected 0.978*** 0.984*** 0.987*** 0.995%** 0.985***
(16.95) (17.12) (17.25) (17.42) (17.64)
Post 0.844** 0.939%** 1.059%** 1.089%** 1.347**
(5.46) (8.39) (11.3) (12.73) (23.43)
Affected* Post -0.090 -0.089 -0.201 -0.209**  -0.279***
(-0.5) (-0.69) (-1.85) (-2.11) (-4.2)
Log_brokerage size 0.05* 0.058** 0.065*** 0.071%* 0.063***
(1.82) (2.24) (2.61) (3.01) (4.1)
General_experience -0.289***  -0.294*** -0.3*** -0.314* = -0.252***

(-10.88) (-11.58) (-12.31) (-13.4) (-14.19)
Log_number_of_companies = -0.247**  -0.239*** -0.244x** 0,234 -0.222***

(-6.12) (-6.22) (-6.56) (-6.52) (-9.31)
Experience_firm 0.341*** 0.335*** 0.336*** 0.329*** 0.271***

(18.94) (19.44) (20.08) (20.32) (23.46)
Year fixed effect Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes
g%g;?ﬁ;’g’;ﬁg:‘s 2,087 2,334 2,562 2,778 6,157
No of obs. 43,680 45,686 47,462 49,149 71,765

R-squared 0.0608 0.0699 0.0763 0.0808 0.1050




TABLE 13
Sensitivity Test
Effect of disastrous weather events on analyst focast pessimism in economic downturns
This table reports the estimated coefficients efdfiference-in-difference model. The test is cartdd for observations affected by the two econaioienturns in 2001 and
2008. The dependent variableRessimism_level which is the difference between the consensus &steaf analysts who cover the same firm j at teesime, scaled by the
share price in the month prior to the announcerdate.Affected is an indicator variable coded as 1 if the analymtks for a brokerage house that locates in aectdtl area
on the same year that a disastrous event occuds) atherwisePost is an indicator variable that takes 1 if a forééasnade after the occurrence of the disastroesteand
0 otherwise. *, ** and *** rqpresent significance at the 10%, 5%, and 1% |eespectively.

3 months 6 months 9 months 12 months 24 months
Lower Higher Lower Higher Lower Higher Lower Higher Lower Higher
than than than than than than than than than than
CONSEeNsUS CONSEensUS CONSensus CONSensus CONSensUsS COoNsSensus COoNsSensus COoNsSensus CoNsSensus consensus
Parameter Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient
® ® ® ® ® ® ® ® ® ®
Affected -0.083*** 0.023*** -0.083*** 0.023*** -0.083*** 0.023*** -0.084*** 0.022*** -0.084*** 0.022***
(-13.33) (3.21) (-13.5) (3.19) (-13.54) (3.18) (-13.58) (3.11) (-13.76) (3.16)
Post 0.017 -0.026** 0.013 -0.03*** 0.016 -0.029*** 0.021** -0.025** 0.02** -0.025**
(2.52) (-2.29) (1.22) (-2.81) (2.61) (-2.79) (2.14) (-2.47) (2.1) (-2.46)
Affected* Post 0.042*** -0.03* 0.047*** -0.014 0.04*** -0.013 0.031*** -0.021 0.033*** -0.024*
(2.94) (-1.77) (3.83) (-0.94) (3.43) (-0.94) (2.77) (-1.6) (3.1) (-1.91)
Log_brokerage size 0.013*** 0.009*** 0.012*** 0.009*** 0.013*** 0.009*** 0.013*** 0.0 %** 0.013*** 0.01%**
(4.2) (2.76) (3.86) (2.8) (4.24) (2.94) (4.45) (3.09) (4.6) (3.28)
General_experience -0.009*** 0.000 -0.009*** 0.001 -0.009*** 0.000 -0.009*** 0.001 -0.008*** 0.001
(-2.61) (0.1) (-2.69) (0.35) (-2.82) (0.13) (-2.75) (0.32) (-2.61) (0.25)
Log_number_of companies -0.021*** -0.003 -0.022*** -0.004 -0.02*** -0.003 -0.018** -0.004 -0.015** -0.004
(-2.72) (-0.42) (-2.96) (-0.57) (-2.82) (-0.45) (-2.46) (-0.58) (-2.2) (-0.51)
Log_forecast_horizon 0.025*** -0.044*** 0.027*** -0.044*** 0.026*** -0.043*** 0.026*** -0.042%*= 0.026*** -0.043**=*
(9.79) (-14.47) (10.8) (-15.36) (20.75) (-15.17) (10.75) (-15.12) (11.24) (-15.96)
Log_day lapsed 0.006*** -0.003** 0.006*** -0.003*** 0.006*** -0.003*** 0.006*** -0.003** 0.006*** -0.003***
(5.14) (-2.27) (5.5) (-2.66) (5.68) (-2.58) (5.61) (-2.38) (5.86) (-2.61)
Experience_firm 0.008*** -0.003 0.008*** -0.004 0.008*** -0.004 0.008*** -0.003 0.007*** -0.003
(2.92) (-1.1) (3.04) (-1.38) (3.04) (-1.33) (2.99) (-1.22) (2.87) (-1.08)
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
No of obs. 21,004 15,783 22,705 17,032 23,558 17,617 24,179 18,048 25,569 19,149
R-squared 0.5813 0.8315 0.5873 0.8309 0.5908 0.8295 0.5882 0.8278 0.5894 0.8259
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