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Motivation
• Sell-side analysts are in important source of information production in the financial 

market
‒ Earnings forecasts, price target forecasts, and stock recommendations

• There is large systematic variation across analysts in their forecast accuracy
‒ Identified characteristics: prior experience (+), employer resources (+), industry 

specialization (+), portfolio complexity (-), peer competition (+), decision fatigue (-), 
among others

• Still, the very basic characteristics related to analysts' work habits (or effort 
provision) remain understudied

Do not observe how analysts spend their working hours on a day-to-day basis



How Do We Address this Issue?
• We hand-collect login (usage) information from personal Bloomberg accounts of sell-side 

analysts that cover publicly traded firms (I/B/E/S)

• For each analyst, we can track the time spent on the Bloomberg Terminal throughout the 
day

• Construct two measures that are aimed to capture various dimensions of the analysts’ 
work habits [related to overall effort provision and soft information acquisition]

• We explore how these measures are associated with analysts output, the timeliness of 
analysts forecasts and forecast accuracy

• We take advantage of the way the COVID period shaped these measures to provide a 
causal flavor to our findings



Green: Active       
Yellow: Inactive        
Red: Off-line       
Phone: Mobile
Gray: Private (<10%)

An account that is 
inactive for more 
than 15 minutes 
will turn Yellow



Example, 4/1/19 – 4/5/19



Average Workday Length (AWL) Measure, Figure 2 
proxies for analysts' general effort provision or work ethics

AWL



The % Away Days (PAD) Measure

• A large strand of literature suggests that analysts can gather “soft" information 
away from the office

• We use the % of workdays when analysts are away from the Bloomberg 
terminals (PAD)
‒ Measurement errors: still be in office, non-work-related travel
‒ A systematic attempt to proxy for analyst's soft information production

• To reduce noise, we focus on PAD_HIGH =1 if the analyst’s PAD is above the 
sample median, 0 otherwise



Related Literature
• Contributes to a long strand of literature that links characteristics of sell-side equity 

analysts to their performance
‒ Stickel (1992), Sinha, Brown and Das (1997), Clement (1999), Jacob, Lys, and Neale (1999), 

Hong and Kacperczyk (2010), Kirk and Markov (2016), Chang, Chi, and Wu (2017) Merkley, 
Michaely, and Pacelli (2017), Han, Kong, and Liu (2018), Hirshleifer, Levi, Lourie, and Teo (2019), 
Gibbons, Iliev and Kalodimos (2020) 

‒ Use Bloomberg usage data to quantify two important yet previously unexplored dimensions of analysts’ 
work habits

• Speaks to the emerging literature on the impact of working-from-home (WFH)
‒ Identify both positive and negative effects

• Uncover the hidden effort problem
‒ Ben-Rephael, Carlin, Da, and Israelsen (2021)
‒ Sell-side analysts offer a better setting



Data
• Bloomberg Status

‒ Determined by doing a profile search (PEOP function)
‒ ~1000 analysts with “analyst” in title (remove credit analyst etc.), matched with I/B/E/S
‒ At least one quarter with a quarterly average percent activity greater than 3% (min/1440)~40 

minutes (removes the left tail of inactive users)
‒ At least two earnings forecasts per quarter, cover at least 3 stocks
‒ End up with 336 analysts from 42 brokerage firms

• I/B/E/S
‒ Earnings forecasts and price targets and stock recommendations

• CRSP and 13F
‒ LnSize, LnBM, Std.Dev.Ret, institutional holdings



Table 1A – Summary Stats of Analysts Output

2017/09 -2021/03, 336 sell-side analysts (matched with I/B/E/S) employed by 42 brokerage firms, Similar to other 
analysts in the same firms (Table 1B) 



Table 2 - Summary Stats of Bloomberg Activity



Figure 4 – Time Series



Fixed Effects Analysis (Table 4A)

Analyst FEs seem to be the main driver of AWL and PAD variation



Analyst Characteristics (Table 4B)



Analysts Output (Table 5)

• A 1 hour increase in AWL is associated with 0.3-0.5 more EPS forecasts (~2%) and 0.54 
more PTGs (~5%)

• Analyst FEs – the coefficient estimates are larger



Timeliness (Table 6) & Price Impact (Table 7)



Prob of being a Star Analyst (Table 8)



Analysts Accuracy (Table 9)

PMAFE measure:

• Mean of |PMAFE| is 0.39

• A one hour increase in 
AWL or High_PAD ~ 2% / 
5% accuracy improvement



PAD and the COVID Lockdown (Table 10)

• Keep all analysts with full 4-quarter 
data and information about home 
and work locations (102 unique 
analysts, mainly NY, Chicago, SF)

• Pre (Post) are Q3-Q4 (Q1-Q2) of 
2019(2020)

• Treatment – above median PAD 
based on Q3 and Q4 of 2019 sample

• Traveling analysts’ forecast errors 
increased more during lockdown, 
especially on faraway firms



Commute Time Saved
Home address: 225 W 94th st, 10025 Work address: 270 Park Ave, 10172 

(JPMorgan Chase & Co)



Commute Time Saved (Figure 6)

• Home address: 225 W 94th st, 
10025

• Work address: 270 Park Ave, 
10172



CTS “First Stage” (Figure 7)



CTS – “First Stage” (Table 11.A)

(*) Du (2021) and Li and Wang (2021) document that the productivity of female analysts
was negatively a affected by the COVID lockdown, especially when they have young children



CTS – Diff-in-Diff (Table 11.B)

• Pre (Post) are Q3-Q4 (Q1-Q2) of 
2019(2020)

• Treatment – above median CTS

• Reduced forecast errors for Analysts 
who saved more on commuting time 
during the lockdown 



Conclusion
• Despite the importance of equity analysts, we still know relatively little about how 

they spend their working hours

• We take advantage of analysts’ minute-by-minute Bloomberg usage data to 
quantify two dimensions of their work habits: AWL and PAD

• “Working harder” and “working “smarter” improve earnings forecast accuracy

• The COVID lockdown identification speak to the recent debate on the costs and 
benefits of working-from-home (WFH)
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