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Abstract

Software companies have steadily become key pillars of the digital economy,
representing upwards of 12 percent of U.S. market capitalization. A simple buy-and-
hold strategy of pure-play software companies over the past three decades produced
annual alphas of over 7.1 percent. We document that these firms are growing
at 13.9 percent annually and that both management and analysts systematically
underestimate over a third of this growth. We show that these expectation errors
appear to largely explain the foregoing outperformance of software companies and
that management, analysts, short sellers, and other market participants ignore
key performance indicators that describe these pure-play software firms and signal
future growth. Together, the study underscores the value of software to the economy
and how its economic impact has been significantly under-appreciated for the past
two decades.
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1 Introduction

Software is the set of instructions and programs that tells computers what to do (IBM,
2022). Over the past few decades, these instructions and programs have not only become
integrally woven into every traditional industry, but they have also supported profound
advances in the modern economy through important digital innovations. Marc Andreessen
penned the now infamous phrase “software is eating the world” and stated, “My own
theory is that we are in the middle of a dramatic and broad technological and economic
shift in which software companies are poised to take over large swathes of the economy”
(Andreessen, 2011). In 2020, software companies provided 15.8 million U.S. jobs and
contributed a direct value-added GDP of $933 billion to the U.S. economy, representing a
15.2 percent growth in GDP from 2019 to 2020, which substantially outpaced the 2 percent
growth of total U.S. GDP over the same period (Software.org, 2021). Further supporting
the notion that software is continuing to eat the world, Satya Nadella, Microsoft CEO,
stated in Microsoft’s 2022Q3 earnings call that “Going forward, digital technology will
be the key input that powers the world’s economic output.”

In this paper, we examine the importance of software to the economy and attempt
to tease out whether market participants are adequately appreciating the dramatic
technological shift that software is supporting and disrupting in the global economy. We
speak to this broader question by empirically examining how stock market participants
and analysts evaluate and price the performance of pure-play software companies. We
categorize pure-play software companies as those whose main offering is selling some
form of software. These firms can be easily identified using the FactSet’s Revere Business
Industry Classifications System. The majority of firms in our sample are B2B (business-
to-business) software companies (e.g., Salesforce, Adobe, DataDog, Microsoft, etc.).
Customer technology companies that have a software or software platform component
such as Netflix, Uber, Apple, or Amazon are not included in our software categorization
as their main offerings relate mostly to consumer goods, even if they may be supported
by software platforms. We show that pure-play software companies have grown from
about 0.7 percent of total U.S. market capitalization in 1990 to upwards of 12.7 percent
in 2021, while only representing 5.7 percent of total listed companies. Additionally, the



market capitalization of pure-play software companies is greater than that of any other
Fama-French 49 industry capitalization and would make pure-play software the third
largest industry if it were included in the Fama-French 20 industry classification.

Software companies benefit from an immense level of technological innovation. In
terms of fundamentals, we highlight their previously unseen blend of growth combined
with high gross margins and strong free cash flows. To evaluate how the market prices
these companies, we begin by documenting the raw returns of software firms based
on a simple buy-and-hold strategy starting in 1990 and ending in February 2022. We
document that $1 invested in an equally-weighted portfolio of software companies in
January 1990 translates to $405 return by 2022, whereas $1 invested in January 1990 in
an equally-weighted portfolio of non-software companies translates to just $30.60 over the
same time period. Hence, software company returns have outpaced those of non-software
companies by more than 13 times. In terms of excess returns, we find annualized mean
excess returns of over 19 percent for software and 10 percent for non-software companies.
We find that classical asset pricing models can only explain a portion of these substantial
returns. Specifically, we document Fama-French risk-adjusted annual returns of 7.16 and
0.96 percent for software and non-software companies, respectively, indicating that the
excess returns of software companies are not explained by standard risk factors.

In an attempt to explain these alphas, we explore the notion that the market incorrectly
assesses the growth rates of these companies. We find striking differences in analysts’
abilities to forecast the growth rates of software and non-software companies. Specifically,
we document systematic and persistent one-year ahead revenue growth forecast errors
over the past two decades of 563 basis points for software companies, indicating that
analysts systematically underestimate these firms’ annual growth rates by over 40 percent
on average. Conversely, we find one-year-ahead analyst forecast errors for non-software
companies of -137 basis points, suggesting that analysts overestimate the annual growth
rates of non-software companies, consistent with prior literature showing that such
forecasts are on average overly optimistic for one-year-ahead forecast horizons (Bouchaud,
Kriiger, Landier, and Thesmar, 2019). We explore cross-sectional and time-series variation
in these forecast errors and document that they are more pronounced for higher growth
pure-play software companies and are also evident in the years following software company
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IPO.

The persistent and systematic errors in software company growth rates appear to relate
to the fact that analysts do not learn from their own previous forecast errors and from
previously disclosed key firm performance indicators: remaining performance obligation
(RPO) (i.e., the dollar amount of multi-year signed contracts) and net revenue retention.
To investigate the possibility that analysts’ forecasts herd around management’s forecasts
(Matsumoto, 2002; Cotter, Tuna, and Wysocki, 2006), we examine management one-
quarter-ahead revenue growth forecast errors. We find that management forecast errors
are greater than analyst errors and that management also systematically underestimates
own-firm revenue growth rates, even when considering the most optimistic upper bound
of their forecasts.

We next analyze the implications of our findings for stock return predictability.
Using the NYSE Trade and Quote (TAQ) database, we document a large asymmetric
price reaction to negative and positive revenue surprises within minutes after revenue
announcements. In particular, we document a strong overreaction to negative revenue
news: that is, initially large negative post-announcement returns drift which then reverse
to significant positive abnormal returns in the subsequent three quarters. In contrast,
for positive revenue surprises, we document a significant underreaction to information,
as shown by persistently positive returns over several quarters, closely following the
analyst forecast errors during the same period. Overall, the observed stock price drifts
following revenue announcements supports the inference that stock market participants
underestimate software company growth rates. In turn, this underestimation of growth
largely explains these firms’ outperformance of the market.

Finally, we examine whether informed traders appreciate the systematic underestima-
tion of software company growth rates. Specifically, we show that short-seller positions in
software companies do not vary with the magnitude of analyst growth forecast errors. In
turn, we find that while short sellers are able to profit from their positions in non-software
companies, they are unable to profit from their positions in software companies. Due to
short-interest-related borrowing costs, it is likely that short sellers in fact lose money
on short positions in software firms. These findings suggest that even investors who are
perceived to be more informed under-appreciate the growth rate and scalability of these
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businesses.

This study directly illustrates the importance of pure-play software companies to
the U.S. public markets and, in turn, the need to understand the unique operating and
valuation nuances that distinguish these companies from traditional enterprises. More
importantly, it highlights that the economy as a whole continues to be naive to both
the importance of technological shifts resulting from advances in software and to the
fact that software continues to take more and more of a leading role than is expected by
market participants.

Moreover, as software creates and houses data, it is the key mechanism that is driving
the production and value of digital data. In this regard, the study contributes to the
recent and growing literature that speaks to the value of data (Farboodi and Veldkamp,
2021; Farboodi, Singal, Veldkamp, and Venkateswaran, 2022)—these studies argue that
the most valuable firms in the United States are valued mostly for their data and their
ability to use this data to create market power (Eeckhout and Veldkamp, 2022). While
data and software are distinct concepts, in practice, digital data does not exist without
software: it is nearly impossible to have one without the other. Because attempting to
value data is inherently complex, an advantage of focusing on software is that its value
and impact can be directly measured through companies that sell only software. In turn,
we can identify these companies using granular industry classifications. That said, a
portion of software firm market values will likely also reflect the data the firms hold and
are privy to, which often supports the firm’s future strategic directions.

Additionally, the paper also contributes to the literature examining analyst expec-
tations and the predictability of their forecast errors. Specifically, our work adds to
the growing literature on the role of subjective beliefs in asset pricing (Barberis, 2018;
Bouchaud et al., 2019; Bordalo, Gennaioli, Porta, and Shleifer, 2019; Bordalo, Gennaioli,
Ma, and Shleifer, 2020; Coibion and Gorodnichenko, 2015) and to recent papers that find
predictable bias in macroeconomic variables (Bianchi, Ludvigson, and Ma, 2020), interest
rates (Cieslak, 2018) and analyst expectations about future firm cash-flows (Gémez-Cram,

2022; van Binsbergen, Han, and Lopez-Lira, 2020).



2 The anatomy of pure-play software companies

2.1 Why is pure-play software different from other industries?

To illustrate why software companies are different, it is helpful to demonstrate the unique
aspects of software business models and contrast them with those of traditional models.
In Appendix A1, we compare the business models of Salesforce and Nike using somewhat
hypothetical numbers to ease tractability while still capturing the essence of the two
models. Appendix A1l begins with a customer buying a pair of trainers for $120 from
Nike, one of the world’s most successful apparel brands. It costs Nike $60 to make the
trainers, which includes costs for materials, freight, insurance, duty, and any merchandiser
fees. Next year, the customer might buy another pair of trainers from Nike, they might
choose to buy from Adidas, or they might choose to not buy any trainers at all. Nike
grows revenues at 7 percent year-over-year (YoY), implying that Nike’s revenue will be
40 percent higher in five years’ time.

Moving to Salesforce, a customer purchases a monthly software subscription for $10
per month, leading to the same annual revenue as Nike of $120. However, it only costs
Salesforce $2 per month to sell each additional software subscription. Salesforce has a net
revenue retention (NRR) rate of approximately 115 percent, which means each customer
will likely spend $11.50 per month next year. Salesforce grows revenues at 30 percent
YoY, implying that in five years’ time, its revenues will have almost quadrupled. With
gross margins of over 80 percent, many software companies choose to be unprofitable
in the short-run (as Salesforce largely did in its first 20 years of operations) in order to
heavily invest in long-term growth opportunities. This growth is in part financed through
higher levels of sales and marketing and research and development expenses.

As these two examples illustrate, software firms have the potential for previously
unseen levels of scalability and growth. Once a software product is created and oper-
ational, the software can be immediately deployed through cloud services to all users

simultaneously (Govindarajan, Rajgopal, and Srivastava, 2018).! Additionally, any

!By way of example, in Snowflake’s fiscal-year 2022 10-K report, they note that their platform can
be “deployed across multiple public clouds and regions” and that they have the ability “to elastically
scale up and scale down,” emphasizing the “ease of deployment, implementation, and use” of its product
offering. Additionally, in an Okta conference call on March 28, 2022, the CEO highlighted the speed of
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product updates are deployed in the same manner. Hence, software companies typically
have low levels of inventory and are able to avoid the logistical and input-pricing concerns
typical of other manufacturing-based industries. Software firms’ primary expenses are
typically associated with research and development costs related to software offering
development. Because the marginal cost of providing an additional unit software is
minimal relative to the sales price, software companies’ immense potential for scalability
affords them previously unseen levels of gross margin. The increasing returns to scale
on intangible investment of software companies not only affords high gross margins, it
also supports high revenue growth. Software firms are able to avoid revenue bottlenecks
associated with product or service supply issues. Therefore, revenue growth is mainly
a function of demand, unlike traditional business models for which revenue growth is
often constrained by supply. Software company revenues are persistent and are based
on long-term subscription contracts which in part makes software firm revenue growth
easier to predict than for traditional enterprises. While many are aware of the relative
importance and market impact of software companies in the economy, the full extent of

their uniqueness is generally discounted in both industry and academic contexts.

2.2 The growing importance of software companies

We next illustrate the increasing importance of pure-play software companies to the U.S.
economy and capital markets over the past three decades. We identify pure-play software
companies using FactSet’s Revere Business Industry Classifications System (RBICS) as
it is an extremely granular industry classification system. Appendix A2 includes the list
of FactSet industries that we have used to identify the pure-play software companies
included in our sample. We identify 457 pure-play software companies that were publicly
listed over the period January 1990 through February 2022.

In order to speak to the growing importance of software companies, Figure 1 charts the
total market capitalization of pure-play software firms scaled by total market capitalization
over the sample period. The figure also plots the number of pure-play software firms as a

percentage of all public firms. The total number of firms has been increasing at a relatively

software distribution via cloud, saying: “It just works. You turn it on. There’s no deployment with
cloud Saa$S (software as a service) companies. So, simplicity is a big, big differentiator.”
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constant rate over the time period.?2 Over this period, the relative market capitalization
of software companies increased from 0.7 percent in 1990 to 12.7 percent in 2022. Apart
from the dot-com bubble, until 2008, the relative market capitalization of software
firms grew largely in tandem with the proportion of software companies in the market.
However, since 2008, while the trend in number of software companies has remained
largely unchanged, software companies have consistently captured a disproportionately
larger share of total market capitalization. As of 2022, software companies represent only
5.7 percent of the total number of market firms but account for 12.7 percent of total
market capitalization. 3

Figure 2 provides evidence on the frequency of software mentions in quarterly earnings
calls of U.S. public companies between 2008 and 2022 to quantify the influence of the
software industry on other public firms. We show the frequency of software mentions
in quarterly earnings calls of U.S. public companies between 2008 and 2022. The figure
reports the percentage of earnings calls including discussion of “software,” “digital,” or
“cloud” related topics and illustrates that the frequency of such discussions increased from
being mentioned in approximately 16 percent of earnings calls in 2008 to over 35 percent
by 2022. While descriptive, these findings shed light on the increasing influence of the
software industry on other industries.

Building on the inferences from the Nike and Salesforce business model comparison
above, we examine the financial performance of software companies relative to the
broader market. Specifically, we investigate how pure-play software enterprises compare
to enterprises from other industries (defined following Fama and French’s 49 Industry
Portfolio specifications) along the dimensions of gross margin, revenue growth, and free-
cash-flow margin (in the top, middle, and bottom panels of Figure 3). If the pure-play

software industry portfolio were constructed as a new and distinct industry, it would

2Figure Al in the Appendix charts the actual number of firms in each year over the same period.
There were 118 software firms in 1990 and 390 in 2022.

3Part of their rise since 2008 is due to the fact that software companies have benefited from an
industry transition to cloud computing. Since the sub-prime crisis, more and more software companies
have been able to further leverage the power of their software offerings through switching from perpetual
licenses to cloud-based annual subscriptions. In line with the quotes from industry titans included
above, not only has the software industry firmly established its position in the market, the increasing
proportion of total market capitalization captured by software firms suggests that software is spreading
its influence, impacting other industries as well.



Fig. 1. Software firm market capitalization
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Notes: This figure shows the market capitalization of software firms scaled by the total NYSE, AMEX,
and Nasdaq market capitalization. The dotted line charts the number of software firms scaled by the

total number of market firms over the same period. The figure spans the period from January 1990
through February 2022.

Fig. 2. Software mentions in earnings calls
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Notes: This figure shows the percentage of earnings calls that mention at least one of the following
words: software, digital, or cloud. We present average values at both quarterly (gray line) and yearly
(blue line) frequencies. The figure spans the period from January 2008 through February 2022.

rank first in terms of median gross margin (68.3 percent), third in year-over-year revenue
growth (13.9 percent), and fifth in free-cash-flow margin (7.16 percent). No other industry
has such a strong combination of gross margins, revenue growth, and free cash flows
over the period from 1990 through 2022, suggesting that their unique combination of

technological innovation, scalability, and growth clearly differentiates software companies



Table 1. Proportion of software companies in portfolio sorts

Panel A: Book-to-market portfolios
Value 2 3 4 5t 6 7 8 9 Growth
2.84 3.87 4.73 443 577 7.22 9.18 11.69 18.88 31.39

Panel B: Size portfolios
Small 2 3 4 ) 6 7 8 9 Large
35.01 15.11 10.08 889 7.43 6.06 4.99 5.44 4.03 2.95

Panel C: Momentum portfolios
Losers 2 3 4 ) 6 7 8 9 Winners
11.48 12,17 995 820 7.20 6.98 7.47 9.17 11.67 15.72

Panel D: Revenue growth portfolios
Low 2 3 4 5 6 7 8 9 High
7.10 8.10 8.61 845 999 11.94 13.51 14.07 11.12 7.10

Notes: This table reports the proportion of software firms that would be allocated to Fama-French
value, size, and momentum-sorted decile bins (Panels A-C) and decile bins sorted based on revenue
growth (Panel D). Portfolio sortings are based on annual data and decile proportions are presented
in percentages. Panel A portfolios are sorted based on quarter-end book-to-market ratios. Panel B
portfolios are sorted based on quarter-end market capitalization. Panel C portfolios are sorted based
on quarter-end return momentum. Panel D portfolios are sorted based on quarter-end year-over-year
revenue growth. The figures spans the period from January 1990 through February 2022.

from more traditional enterprises.*

We next sort software companies based on commonly used risk factors, presented
in Table 1, to obtain a better understanding of their risk profiles. Panels A through C
show the portfolio sorts of software firms relative to the Fama-French book-to-market,
size, and momentum portfolios. Panel D shows the portfolio sorts of software firms
relative to revenue growth portfolios for all publicly-listed firms. Firms are sorted every
quarter based on their quarter-over-quarter revenue growth. Portfolios in all panels are
rebalanced monthly.

We find that software firms are generally high-growth firms: 61.9 percent of software
firms fall into the three highest book-to-market portfolio bins. In terms of size, software
firms are generally smaller firms: 69.1 percent of software firms fall into the four small-

est size-sorted decile bins. Regarding return momentum, the distribution of software

4The Fama-French 49 Software industry classification (Softw), which is based on SIC codes, misses
around one quarter of the pure-play software companies we have identified using FactSet’s detailed
industry classification and includes many other equipment and non-software companies whose main
operations do not constitute developing and distributing software.
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Fig. 3. Median gross margin, revenue growth, and free-cash-flow margin
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This figure ranks the median quarterly gross margin, year-over-year revenue growth, and
free-cash-flow margin for each Fama-French 49 Industry classification and pure-play software companies

Notes:

(highlighted in blue) in the top, middle, and bottom panels, respectively. Gross margin is calculated as

the fiscal-quarter gross margin (revenue minus cost of goods sold) over total fiscal-quarter revenue.
Revenue growth is calculated using annual revenue growth as of each fiscal quarter. Free-cash-flow

margin is calculated as fiscal-quarter free cash flows (operating cash flows minus capital expenditures)
over total fiscal-quarter revenues. The sample spans the period from January 1990 through December

2020. Variables are winsorized at the 15¢ and 99*" percentiles.
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companies is a bit more varied. Software firms are generally skewed both left and right,
indicating that software firms exhibit both high and low return momentum, but are less
likely to fall in the middle momentum portfolios. Finally, consistent with earlier industry
rankings, we find that software firms are skewed towards higher revenue growth portfolios
with 57.7 percent of firms falling within the five highest revenue growth portfolios. Taken
together, software firms are generally smaller and high-growth firms, with both extreme
winners and losers. In the following section, we consider how this unique combination of
factors may contribute to the relative financial performance of software firms over our

sample period.

2.8  Portfolio performance

In this section, we consider the relative market performance of software firms compared
to other firms. The foregoing analyses suggest that software companies have unseen
levels of innovation and performance which have driven their financial performance. If
these firms offer unparalleled growth opportunities, we would expect this potential to be
reflected in market returns if this growth was not fully anticipated by the market.

We first look at the mean excess returns, presented in Panel A of Table 2, and
compare pure-play software portfolio returns against those of a non-software portfolio.
While we present results for both equal- and value-weighted portfolios, we will focus our
discussion here on the equal-weighted portfolio results. Focusing on the equal-weighted
portfolio results addresses the potential concern that returns may be driven by a few large
firms. The results are estimated over the period from 1990 through 2022. An equally
weighted portfolio of software companies earned an annualized mean excess return of 20.5
percent with an annualized standard deviation of 28.9. In comparison, the non-software
company portfolio earned an annualized return of 10.0 percent with an annualized
standard deviation of 18.8. The difference in returns, 10.5 percent, is economically
significant, as pure-play software firms substantially outperformed non-software firms
over the 1990-2022 period. These results imply a software portfolio Sharpe ratio (relative
to the market return) of 23.3 percent, compared to the non-software portfolio Sharpe

ratio of -7.2 percent. So, when adjusting for risk, non-software companies actually earned
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Table 2. Performance evaluation and alphas

Panel A: Performance evaluation

Software companies Non-software companies

Portfolio weights Equal Value Equal Value
(1) (2) (3) (4)

Mean excess returns 20.49 15.53 10.01 8.27
Std. dev. returns 28.91 25.28 18.76 14.84
Sharpe ratio 23.27 6.88 -7.19 -3.03
Mean max. drawdowns 10.61 21.41 6.86 7.44
Skewness 0.27 -0.00 -0.27 -0.70
Panel B: Alphas

Software companies Non-software companies
Portfolio weights Equal Value Equal Value

(1) (2) (3) (4)

Market 7.16 3.42 0.96 -0.44

[2.59] [2.82] [0.65] [-1.46]
FF3 8.73 5.44 0.31 -0.64

[3.78] [2.98] [0.28] [-2.12]
FF3 + Mom 10.47 5.24 2.17 -0.48

[4.05] [2.83] [1.91] [-1.49]
FF3 + Mom + CF(4) 13.57 7.71 3.04 -0.68

[4.71] [3.84] [2.44] [-2.20]

Notes: This table presents performance evaluation measures and alphas for software and non-software
portfolios. Returns are presented for both equal- and value-weighted portfolios. Panel A reports measures
of portfolio performance. Mean excess returns are calculated using returns in excess of risk-free rates
obtained from French’s website. Sharpe ratios are presented as percentages and are calculated relative
to the total market return. Panel B presents portfolio alphas based on the market factor, Fama-French
three-factors (FF3), Moskowitz, Ooi, and Pedersen (2012) momentum factor (Mom), and four cash-flow
factors (CF(4)). These cash-flow factors capture earnings persistence (Francis, LaFond, Olsson, and
Schipper, 2004), sales growth (Lakonishok, Shleifer, and Vishny, 1994), profit margins (Soliman, 2008),
and change in gross margin minus change in sales (Abarbanell and Bushee, 1998). t¢-statistics are
reported in brackets. The table spans the period from January 1990 through February 2022.

negative returns over the same period.

Panel B of Table 2 presents the alphas for both software and non-software portfolios.
The alphas are presented for the regression of portfolio returns on the market; on Fama
and French’s three factors (FF3); on FF3 and the Moskowitz et al. (2012) momentum
factor (Mom); and on FF3, Mom, and four pricing factors related to firm cash flows.
Specifically, we consider the earnings persistence factor of Francis et al. (2004), the

sales growth factor of Lakonishok et al. (1994), the profit margin factor of Soliman

(2008), and the change in gross margin minus change in sales factor of Abarbanell and
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Bushee (1998).5 In each specification, an equally-weighted portfolio of software companies
consistently earns large annualized alphas ranging from 7.16 percent (¢-statistic = 2.59)
to 13.57 percent (t-statistic = 4.71), depending on the factor specification. In comparison,
non-software portfolio alphas are mostly close to zero and statistically insignificant,
except in the F'F'3+ Mom + C'F(4) specification. Taken together, even when controlling
for traditional risk factors, the portfolio of software companies significantly outperforms
its non-software company counterpart over the period from 1990 to 2022. Moreover,
traditional asset pricing models fail to explain software company returns over the past
three decades.

To confirm the findings in Table 2 and further highlight the relative outperformance
of software companies, we present the cumulative gains and total drawdowns for both
software and non-software portfolios. The left panel of Figure 4 charts the buy-and-hold
equally weighted cumulative gains of a $1 investment in both portfolios from 1990 to
2022. Both strategies invest $1 at the beginning of 1990 and close their position at the
end of February 2022. Comparing the relative performance of both portfolios, gains on
software companies were $418.84, while non-software companies gained $31.37 over the
same period. Again, we see a large disparity in the cumulative dollar gains from a simple
buy-and-hold investment in the software company portfolio. The right panel of Figure 4
charts portfolio drawdowns. Except during the 2000-2004 period (the aftermath of the
dot-com bubble) and the beginning of 2022, software company portfolio drawdowns are
largely similar to those of the non-software company portfolio. As presented in Panel
A of Table 2, average software company drawdowns are 10.61 percent and average non-
software company drawdowns are 6.84 percent, suggesting that software companies have a
greater crash risk than non-software companies, and that drawdowns are a risk associated
with the software industry. Figure A3 of the Appendix presents the same investment
strategies using value-weighted portfolios, and the results are generally consistent with
those presented in Figure 4.

In Tables A4 and A5 in the Appendix, we examine whether the outperformance of

software companies is robust to different time periods. We split the sample period in

®We downloaded the data from https://jkpfactors.com/ and thank Jensen, Kelly, and Pedersen
(2021) for making these data publicly available.
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Fig. 4. Cumulative gains and drawdowns
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Notes: The left panel plots equally weighted cumulative monthly buy-and-hold returns for software
firms (blue line) and non-software firms (red line), respectively. The right panel depicts the drawdowns
associated with each strategy. The sample spans from January 1990 through February 2022.

December 2002 to see whether the outperformance continues following the dot-com bubble.
Mean excess return results are largely unchanged in both sub-periods. However, Sharpe
ratios are significantly different for portfolios in both sub-periods. The average software
company portfolio Sharpe ratio is 49.6 percent from 1990-2002 and 25.4 percent from
2003-2022. Additionally, the average non-software company portfolio Sharpe ratios are
31.8 percent during the first sub-period and -17.3 percent during the second. Comparing
portfolio alpha results, software company portfolio alphas are larger during the first sub-
period and, while still positive and significant, are lower during the second sub-period. On
the other hand, only the first sub-period FF'3+ Mom and FF3+ Mom + CF(4) average
portfolio alphas are significant for the non-software portfolio. These results suggest
that while software companies outperform non-software companies in both sub-periods,
the outperformance is more pronounced pre-2002. The reduction in outperformance
post-2002 suggests that the market may be raising its expectations of software company

performance.
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3 Analyst and management expectations

3.1  Analysts systematically underestimate revenue growth rates

As shown in the previous section, the pure-play software industry has grown to be one of
the most important industries in the market. Moreover, these companies have experienced
pronounced gains and alphas that are not fully explained by standard risk factors or
traditional asset pricing models. In this section, we examine potential explanations for
these firms’ dramatic market outperformance. We begin by examining analyst growth
forecasts to understand the market’s perception and assessment of these companies and
the impact these expectations may have on software firm pricing.

We first compare the relative term structure of cumulative analyst revenue forecast
errors for software and non-software companies, presented in Figure 5. We define forecast
errors as the difference between realized revenue growth and analyst forecast growth,
where a positive value indicates that the consensus analyst forecast was too low relative
to observed values. Measured for every quarter ¢t between 2003Q1 and 2022Q1, each
string in the figure represents the average conditional cumulative analyst revenue forecast
error for the subsequent t + h-quarter-ahead forecast, where h = 1,2,3,4. At each
quarterly earnings announcement date, analysts make forecasts of one-, two-, three-, and
four-quarter-ahead revenue. To construct our measure of analyst expectations, we obtain
analyst revenue forecasts from the I/B/E/S Detail History File. See Figure A4 in the
Appendix for a more detailed explanation of the forecast timeline and our process of
calculating the cumulative forecast errors presented in Figure 5.

The results in Figure 5 show marked differences between software and non-software
cumulative forecast errors. Perhaps most strikingly, the forecast errors of software com-
panies are consistently positive whereas the forecast errors for non-software companies
generally oscillate between -5 and 5 percent over the course of our sample. The forecasts
errors for both groups were abnormally negative following the 2008 financial crisis and

somewhat more positive during the COVID-19 pandemic.” Additionally, the cumulative

6We begin our analysis in 2003 as the availability of analyst forecast data before this time is more
limited.

"The result indicating negative forecast errors around the time of the 2008 recession is consistent
with results presented in Gémez-Cram (2022), who shows that analysts are too optimistic at the onset
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Fig. 5. Conditional cumulative forecast errors
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Notes: This figure presents the term structure of cumulative forecast errors for every fiscal quarter-end in
the sample for software and non-software companies. At each quarter ¢, h-quarter-ahead mean consensus
forecasts are calculated based on all analyst forecasts made within 15 days of earnings announcement
for forecast horizons h = 1,2, 3,4. Each point in the figure represents the cumulative percentage forecast
error at each forecast horizon. The sample spans from 2003Q1 to 2022Q1.

four-quarter-ahead forecast errors of non-software companies are on average negative.
However, software company cumulative forecast errors are consistently positive for each
quarterly forecast horizon and are much greater than those for their non-software coun-
terparts. These findings show that software companies have consistently outperformed
analyst expectations and that their outperformance on average increases with the quar-

terly forecast horizon. In turn, they provide initial evidence that analysts systematically

of recessions.
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Table 3. Properties of forecasts errors

Software companies Non-software companies

Forecast horizon in quarters

One Two Three Four One Two Three Four
Mean 2.34 3.20  4.00 5.63 0.74 0.34 -0.15 -1.37
t-stat [31.14] [5.49] [5.10] [4.89] [40.59]  [14.55]  [-5.22] [-39.82]
Std. dev. 6.62 50.99 66.58 95.48 8.07 10.14 11.71 13.72
5% -5.20 -12.53 -18.06 -22.04 -11.27  -16.60 -20.61 -29.13
25% -0.01 -2.01 -3.76 -4.92 -1.96 -3.89 -5.53 -7.78
50% 1.83 1.85 1.73 1.85 0.67 0.22 -0.05 -0.82
75% 4.33 5.80 7.14 8.74 3.69 4.66 5.24 5.66
95% 11.22 17.03 22.51 28.61 13.06 17.62 20.33 21.93
nObs 7,787 7,645 7,223 6,869 193,378 189,290 169,998 158,766

Notes: This table presents summary statistics of software and non-software company quarterly forecast
errors for each t + h forecast horizon, where h = 1,2,3,4. At each quarter ¢, h-quarter-ahead mean
consensus forecasts are calculated based on all analyst forecasts made within 15 days of earnings
announcement dates. The sample spans from 2003Q1 to 2022Q1.

underestimate the growth rates of software companies.

In Table 3, we present summary statistics of the same ¢ + h-quarter-ahead forecasts
presented in Figure 5. The mean software company forecast error monotonically increases
in the forecast horizon, from a mean value of 2.34 (¢-statistic = 31.14) at a one-quarter
horizon to 5.63 (t-statistic = 4.89) at an annual horizon. This pattern is in contrast to
non-software mean forecast errors, which monotonically decrease from 0.74 (t-statistic
= 40.59) to -1.37 (t-statistic = -39.82) for the same one-quarter and annual horizons,
respectively. Additionally, these results confirm the initial inferences from Figure 5 that
the mean forecast errors of software companies are cumulatively positive and, in turn,
that analyst forecasts fail to accurately predict growth, suggesting one potential reason
for the outperformance of software stocks. The left panel in Figure 6 illustrates these
trends in graphical form.

In the following analysis, presented in the center and right panels of Figure 6,
we explore whether other industries possessing characteristics comparable to those of
pure-play software companies also consistently outperform analyst expectations. While
not perfect peer comparisons, we examine forecast errors in the banking, electronic

equipment, business services, non-pure-play software, pharmaceutical, and computer
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industries (based on Fama-French 49 Industry Portfolio specifications) as these industries
share some similarities with the pure-play software industry.® For example, some of
these industries also have traditionally high gross margins (e.g., banking) or have highly
scalable business models (e.g., pharmaceutical).

In the center panel of Figure 6, we chart the cumulative quarterly forecast errors
for the industries noted above. While the banking, business services, and non-pure-
play software industries exhibit cumulatively positive forecast errors, the magnitude
of error is significantly less than that of pure-play software forecast error (reported in
Table 3). Additionally, the pharmaceutical, electronic equipment, and computer industry
cumulative forecast errors are negative at the annual horizon, which is consistent with
the patterns reported for non-software companies. Hence, the plots in Figure 6 clearly
illustrate the unparalleled magnitude of the pure-play software industry’s outperformance
of analyst expectations.

We next consider whether portfolios constructed along other dimensions might be
able to mimic the consistent forecast errors observed for software companies. In the right
panel of Figure 6, we compare the forecast errors for portfolios constructed based on
size, book-to-market, and revenue growth properties. Both the size and book-to-market
portfolios are based on Fama-French specifications. The revenue growth portfolio is
constructed based on quarter-over-quarter revenue growth rebalanced monthly. As shown
in Table 1, software companies are generally smaller companies with higher growth,
in terms of book-to-market ratio and revenue. Hence, it is reasonable to expect that
portfolios constructed along these same dimensions might exhibit similar forecast error
patterns to those of software companies. However, as seen in the right panel, this is not
the case: five of the six specified portfolios have negative cumulative forecast errors, while
only the high revenue growth portfolio exhibits marginally positive forecast errors, yet to
nowhere near the same extent as those for software companies. If anything, the portfolio
errors exhibit similar trends to non-software company forecast errors. Analysts appear to

systematically underestimate only pure-play software company performance and not the

8We note that the charted forecast errors for the six Fama-French portfolios do not include the
effect of the pure-play software firms in our sample. We have removed these firms from their respective
industry portfolios and include them in a separate pure-play software industry portfolio.
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Fig. 6. Unconditional cumulative forecast errors
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unconditional average cumulative forecast error. The central panel shows the unconditional forecast
error structure for a selection of Fama-French 49 Industries. The right panel presents unconditional
average forecast errors for value-growth, small-large, and high-low revenue growth sorted portfolios. The
figure spans the period 2003Q1 to 2022Q1.

performance of peer industries or of portfolios constructed based on attributes similar to
those of pure-play software companies.

Finally, we examine whether an age-related factor might explain the disparity in
observed forecast errors. Figure 7 plots the the difference in analyst revenue forecast
errors between software and non-software companies for the 28 fiscal quarters following a
firm’s initial public offering (IPO). As software companies have a greater proportion of
younger firms than public markets as a whole, it could be that analysts lack a sufficiently
long time series of data on which to base their forecasts.

Figure 7 rules out the notion that an age-related factor may be responsible for the
systematic underestimation of software company growth rates. The figure illustrates that,
while there is a slight downward trend in software company forecast errors over time,
the forecast errors for each quarterly horizon remain consistently positive and are of
similar magnitude to those in Figure 5, even after seven years of public listing. However,
the same trend is not observed for non-software companies: while the initial forecast
errors for all four quarterly forecast horizons are positive for the first few years after
IPO, the magnitude of error is far lower than that of software company forecast error.

Furthermore, over time, the forecast errors of non-software companies decrease and are
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Fig. 7. Post-IPO average cumulative forecast error
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Notes: This figure presents the term structure of cumulative forecast errors since firm IPO date. At each
quarter ¢, h-quarter-ahead mean consensus forecasts are calculated based on all analyst forecasts made
within 15 days of earnings announcement, for forecast horizons h = 1,2, 3,4. Each point represents the
cumulative forecast error for h-quarter-ahead forecasts made at each period ¢ following firm IPO. The
sample spans the period from 2003Q1 to 2022Q1.

generally centered around zero, also consistent with the inferences from Figure 5. The
fact that initially positive forecast errors ameliorate over time suggests analyst learning
for non-software companies; while analysts may become more familiar with software
companies, they continue to systematically under-estimate their growth rates even as the

firm matures.
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3.2 Predictability of forecast errors

In Section 3.1 above, we show that analysts have systematically underestimated the
annual growth rates of software companies over the past two decades. We next investigate
whether these forecast errors are predictable and, in turn, the potential implications
of this predictability for future stock returns. Using the following set of regressions,
we examine whether lagged analyst forecast errors and revenue growth predict future
realized cumulative revenue growth (Equation (1a)), analyst estimates of cumulative

revenue growth (Equation (1b)), and resulting analyst forecast errors (Equation (1c)).

ARevenue i, = py + piARevenue, + ps FEy + €5y, (1a)
Ef [ARevenue, 1) = py + piARevenue, + p3 F By + €, (1b)

ARevenuey 44, — Ef [ARevenue; 4] = pg + p?ARevenue, + piFE, + ef+h (1c)

Equation (1a) regresses the realized cumulative revenue growth for quarter £ + h on the
revenue growth and revenue growth forecast error for quarter ¢. Equation (1b) replaces
realized revenue growth in Equation (1la) with quarter-t consensus analyst cumulative
revenue growth forecast for quarter ¢t 4+ h, retaining the same control variables. Equation
(1c) follows the foregoing structure but replaces the dependent variable with the realized
quarter-t + h analyst forecast error based on quarter-t expectations. Using this set of
equations, we are able to examine the extent to which trailing revenue growth and forecast
error relate to future actual revenue growth, the degree to which analysts appreciate
these relations, and the predictability of analyst forecast errors.

For brevity, Table 4 presents regression estimates only for software companies. The
regression estimates for non-software companies are included in Table A6 of the Appendix.
For each regression equation, we present the cumulative regression estimates for each
t + h-quarter-ahead horizon for h = 1,2, 3,4. Panel A presents regression estimates for
realized cumulative revenue growth values (Equation (1a)), Panel B presents estimates
for analyst forecasts of cumulative revenue growth (Equation (1b)), and Panel C provides
estimates for the resulting cumulative forecast errors (Equation (1c)).

First, Panel A of Table 4 shows that lagged revenue growth in quarter ¢ is negatively
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associated with the one-, two-, and three-quarter-ahead cumulative revenue growth but is
positively associated with the four-quarter-ahead cumulative revenue growth. Specifically,
the coefficient estimates on ARevenue; are -0.13, -0.24, and -0.58 for the one-, two-,
and three-quarter-ahead cumulative revenue growth, respectively: all three coefficients
are significant at the one-percent level. However, the coefficient on A Revenue; for the
four-quarter-ahead revenue growth is 0.09 and is significant at the five-percent level.
These findings suggest that period-t + h revenue growth for software companies mean
reverts over the immediately subsequent quarters but then increases after one year.
Looking at the lagged forecast errors, the coefficients on F'F; are positive for all one-
to four-quarter-ahead cumulative revenue growth estimates. However, the estimates
are statistically significant for only the three- and four-quarter-ahead realized revenue
growth estimates, with coefficient values of 1.21 and 1.00, respectively. In terms of
economic significance, the foregoing coefficients for the three- and four-quarter-ahead
realized revenue growth horizons imply that 121 and 100 percent of the quarter-t forecast
error persists into realized revenue growth three and four quarters ahead. These findings
suggest that software firm growth surprises in quarter ¢ are durable and appear to persist
well into future quarters.

In Panel B of Table 4, we examine whether analyst forecasts reflect an appreciation
of the relation between prior-period revenue growth and revenue growth forecast errors
and quarter-t 4+ h revenue growth. The results indicate that analyst forecasts almost
perfectly anticipate the relation between past and future revenue growth observed in
Panel A. Specifically, the coefficient estimates for A Revenue; of -0.12, -0.24, -0.61, and
0.08 for the one-, two-, three-, and four-quarter-ahead forecast horizons, respectively,
almost perfectly reflect the relation noted in Panel A between lagged revenue growth
in quarter t and quarter-t + h cumulative revenue growth. On the other hand, analyst
forecasts only partially reflect the durability of software firm revenue growth: prior-period
analyst forecast errors do not predict current-period forecasts to the extent of the realized
relation. The coefficient estimates for F'E; are lower than the observed relation in Panel
A between lagged forecast errors in quarter ¢t and quarter-t + h cumulative revenue growth
for all forecast horizons. These findings provide initial evidence that analyst forecasts do
not adequately reflect the future durability or persistence of software company growth
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surprises observed at time t (especially for the three- and four-quarter-head horizons).

Panel C of Table 4 presents regression results with the cumulative forecast error as
the dependent variable. Panel C confirms the combined inferences from Panels A and
B. Panel C shows that analyst forecasts correctly anticipate the implications quarter-¢
revenue growth has for cumulative revenue growth in subsequent quarters. Specifically,
A Revenue,; coefficient estimates are close to zero and are insignificant at conventional
levels, except for the three-quarter-ahead estimate. Moreover, as also evidenced in Panel
B, analysts’ forecasts systemically underestimate the persistence of quarterly revenue
growth surprises for future cumulative revenue growth in each of the following four
quarters, evidenced by the positive and significant (at one percent) F'E; estimates across
all four horizons. Specifically, the F'E; coefficient values are 0.44, 0.53, 0.69, and 0.73 for
the one-, two-, three-, and four-quarter-ahead cumulative revenue growth forecast errors
estimates, respectively. These results indicate that analyst forecasts do not incorporate
the fact that revenue growth forecast errors in quarter ¢ are persistent and continue
to predict revenue growth rates in subsequent quarters, especially at the three- and
four-quarter-ahead horizons. As highlighted in Panel A above, the coefficient estimates
for I'E; for the three- and four-quarter-ahead realized revenue growth specifications imply
that 121 and 100 percent of the quarter-t forecast error persists in realized revenue growth
three and four quarters ahead. However, the F'E; coefficient in Panel C of 0.69 and 0.73
for the three- and four-quarter-ahead revenue growth forecast error specifications suggest
that analyst revenue forecasts do not incorporate 57.0 (0.69/1.21) and 73.0 (0.73/1.00)
percent of the persistence of quarter-t revenue growth forecast errors in predicting three-
and four-quarter-ahead cumulative revenue growth rates, respectively.

The results in Table 4 stand in contrast to those for non-software companies presented
in Table A6 of the Appendix. Firstly, non-software company revenue growth forecast
errors in quarter ¢ do not statistically relate to future cumulative revenue growth in any
of the four subsequent t + h quarters, as the estimated coefficients are close to zero in
Panel A. Quarter-t growth surprises for non-software companies are not durable nor do
they persist into subsequent quarters. Moreover, while non-software company analyst
forecast errors in quarter ¢ are positive and significantly relate to cumulative forecast
errors for all horizons, these forecasts errors are relatively small given that analysts
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largely anticipate the actual relation noted in Panel A. Moreover, the foregoing findings
do not result from the durability of revenue growth forecast errors, but rather result from
analysts overestimating the negative reversals of quarter-t forecast errors.

Figure 8 graphically presents the analyses of Table 4. Companies are sorted into
terciles based on quarter-t revenue growth forecast errors. The left panel plots quarter-
t + h realized cumulative revenue growth rates for each tercile and provides evidence
that realized cumulative growth rates in quarters t + h for software companies are
monotonically increasing in quarter-t revenue growth forecast errors. This confirms the
inference that quarter-t software company growth surprises are durable and appear to
persist well into future quarters. The middle panel plots quarter-t + A analyst consensus
cumulative revenue growth forecasts for each tercile. In strong contrast to the actual
relation between quarter-t revenue growth forecast errors and four-quarter-ahead realized
cumulative revenue growth rates presented in the left panel, analyst cumulative revenue
growth forecasts across all terciles are almost identical and are independent of quarter-¢
revenue growth forecast errors, as presented in the central panel.

Moving to the plot on the right, which presents analyst cumulative revenue growth
forecast errors for each t 4+ h-quarter-ahead horizon, it is clear that software company
four-quarter cumulative forecast errors are a function of quarter-¢ forecast errors. These
findings confirm the inference that analyst forecasts do not incorporate the fact that
quarter-t revenue growth surprises for software companies are durable and persist well
into future quarters, leading to ex post forecast error predictability.

We next examine how key software company performance indicators relate to quarter-
t + h realized cumulative revenue growth rates and whether quarter-t analyst revenue
growth forecasts reflect this relation. We consider two of the arguably most important
leading measures of software company growth: net revenue retention (NRR) and remaining

performance obligation (RPO).? The net revenue retention rate is the increase in spending

9Firm executives and analysts both have indicated the importance of RPO as a key indicator of
software firm performance. For example, during Anaplan’s fiscal-year 2020Q4 earnings conference call,
company CFO David Horton remarked: “As a reminder, our remaining performance obligations, or
RPO, represents the total booked or signed business within a quarter, and we believe this provides
a more accurate commercial view into the underlying momentum of our business.” Additionally, in
Survey Monkey’s fiscal-year 2020Q4 earnings conference call, CFO Deborah Clifford said: “I would just
highlight that we look at RPO growth as the leading indicator of our business performance and the
exit RPO growth rate was 17 percent. ... So I encourage you to look at RPO as the indicator of our
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Fig. 8. Predictability of forecast errors
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Notes: This figure presents h-quarter-ahead return predictions based on lagged forecast errors. Each
quarter, we sort firms into terciles based on lagged forecast errors and plot the cumulative realized
revenue growth, analyst expected growth, and forecast error, in each panel from left to right, respectively.

each year by existing customers (SoftwareStackInvesting.com, 2022). Or, said differently,
NRR is the growth in software company revenue before considering revenue from new
clients. It provides an indication of the durability of revenue growth and cash flows
and illustrates a firm’s ability to generate new contracts by up-selling, cross-selling, and
renewing existing customer contracts. Moreover, the degree to which existing clients
increase spending highlights the importance of the software and the likelihood of uptake
by new customers and overall growth prospects. The remaining performance obligation
(RPO) represents the total dollar value of signed contracts to be recognized in revenue
over future periods. This measure is especially relevant for software firms, as the majority
of software subscriptions relate to multi-year contracts that are required to be recorded
as part of the firm’s RPO balance. RPO represents future cash flows to the firm and is
a very important indicator of the one- to two-year growth rates for pure-play software
firms.

For this analysis, we consider a similar set of equations to Equations (la), (1b),

and (1c), but we add lagged net revenue retention (NetRet;) and RPO growth (ARPO,),

performance. That’s where we’re most focused on.”
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and drop lagged revenue growth (ARevenue;) as explanatory variables:

ARevenuey i, = pg + piNetRet; + psARPO; + psFE; + €/, (2a)
Ef [ARevenuey ) = po + piNetRety + ps ARPO; + p3FE; + €5, (2b)

ARevenue, 1y, — Ef [ARevenuey 141) = pi + p{NetRet, + pdARPO; + piF E; + ef+h (2¢)

Table 5 Panel A reports the coefficient estimates for Equation (2a), Panel B the coefficient
estimates for Equation (2b) and Panel C the coefficient estimates for Equation (2¢). We
run these regressions using a sub-sample of firm observations from 2018 through 2021, as
RPO reporting only began in 2018 with the adoption of ASC 606 (Accounting Standards
Codification) as U.S. GAAP. Table A7 in the Appendix presents descriptive statistics of
NRR (NetRet;) and RPO (ARPOy) for this sub-sample and shows that between 2018
and 2021, the mean software company had net revenue retention rates of 118.5 and
quarter-over-quarter RPO growth rates of 8.6 percent.

Looking first at Panel A, the NetRet; coefficient estimates for one-, two-, three-,
and four-quarter-ahead cumulative revenue growth are monotonically increasing, with
values of 0.23, 0.43, 0.63, and 0.86, respectively (each coefficient is statistically significant
at conventional levels). However, while positive for all horizons, the ARPO, estimates
are only statistically significant for the four-quarter-ahead realized cumulative revenue
growth, with a value of 0.86 (¢-statistic = 2.41). The F'E; coefficient estimates are all close
to zero and are not statistically significant. It appears that the relation between lagged
forecast errors and quarter-ahead cumulative revenue growth rates is partly subsumed by
the effect of net revenue retention and RPO growth rates, as well as by the low power
resulting from the size of the sub-sample.

Panel B illustrates that analyst forecasts incorporate approximately half of the positive
relation between net revenue retention rates and realized cumulative revenue growth rates
for all horizons. Specifically, the NetRet, coefficient estimates for one-, two-, three-, and
four-quarter-ahead cumulative revenue growth are again monotonically increasing and
are 0.13, 0.22, 0.30, and 0.37, respectively (each coefficient is statistically significant at
conventional levels). However, it appears that analyst forecasts do not incorporate RPO

growth rates given that the coefficient estimates for ARPO; are all close to zero and are
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not statistically significant at conventional levels. Additionally, to some degree, analyst
forecasts negatively incorporate lagged forecast errors but the economic significance
of this association is small in the sub-sample. Panel C, which presents the regression
estimates for the cumulative forecast errors, shows that net revenue retention rates in
quarter t positively relate to one- and two-quarter-ahead analyst cumulative revenue
growth forecast errors. Specifically, the NetRet; coefficient estimates for the one- and
two-quarter-ahead horizons are 0.10 and 0.21, respectively, and are statistically significant
at conventional levels. Moreover, the coefficient estimate for ARPO; is 0.25 (t-statistic =
2.99) for the four-quarter-ahead horizon. Hence, net revenue retention rates in quarter ¢
relate to analyst forecast errors in the immediately following quarters, while RPO growth
rates in quarter ¢ relate to the one-year-ahead analyst growth forecast errors.

Figure 9 presents results similar to those in Table 5 but in graphical form. We sort
firms into terciles based on lagged RPO in Panel A and net revenue retention rates in
Panel B. As in Table 5, we present the relation between RPO and NRR with cumulative
realized growth, cumulative analyst expected revenue growth, and cumulative revenue
growth analyst forecast errors (from the left to right sub-panels, respectively). Panel
A depicts the predictive ability of lagged RPO growth (left sub-panel) and analysts’
cumulative revenue growth forecast errors (right sub-panel) on future realizations of
cumulative revenue growth. However, the middle sub-panel shows that analyst forecasts
of quarter-t + A cumulative revenue growth do not incorporate RPO growth rates, as all
three terciles have almost identical growth expectations. Moreover, analyst forecasts for
each quarter-ahead horizon are much lower than the realized amounts, confirming the
underestimation of software company growth rates in the sub-sample. Overall, Panel
A illustrates that quarter-t RPO growth relates to quarter-ahead realized cumulative
revenue growth and that this relation is more pronounced for the four-quarter-ahead
horizon. However, analyst forecasts do not appear to consider quarter-t RPO growth
rates, and, in turn, analyst forecast errors for quarters ¢ + h monotonically sort based on
quarter-t RPO growth rates.

Panel B, of Figure 9 shows similar inferences for terciles sorted based on quarter-t
net revenue retention rates. Specifically, analysts’ quarter-t + h forecasts only partially
incorporate net revenue retention rates into their quarter-t + h forecasts, despite the fact
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Fig. 9. Predictability of forecast errors based on lagged RPO and net retention rate
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Notes: This figure presents h-quarter-ahead return predictions based on lagged remaining performance
obligation amounts (RPO) and net retention rates (NRR). Each quarter, we sort firms into terciles
based on lagged RPO and NRR and plot the cumulative realized revenue growth, analyst expected
growth, and forecast error for each tercile, in each panel from left to right, respectively.

that net revenue retention rates appear to effectively and monotonically sort software

companies based on quarter-t + h realized cumulative revenue growth rates. Taken

together, these analyses illustrate that analyst forecasts do not fully incorporate the

information contained in previously disclosed key performance indicators, indicators that

describe software company businesses and growth trajectories.
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3.8  Management systematically underestimate revenue growth rates

In this section, we turn our attention towards management-issued revenue guidance.
Previous studies have highlighted the nature of management-analyst relationships, and
that both parties face incentives to maintain positive working relationships with each
other, incentives which are reflected in both management guidance and analyst forecasts
(Williams, 1996; Yu, 2008; Green, Jame, Markov, and Subasi, 2014). Accordingly, we
examine whether management also systematically underestimates the growth rate of
software companies. It could be that analysts simply herd around management forecasts
to support positive relationships, and this may explain the pattern of forecast errors
described above.

In Table 6, we present results for the regression of quarterly management forecast
errors on prior-period revenue growth and analyst forecast errors, based on the following

equation:

FE, = po+ prARevenue, + poAFE] + €44,

Examining the mean forecast specifications, we see that management forecast errors are
on average positive and significant for both software and non-software firms. Specifically,
in Columns (1), (2), (5), and (6), the Constant coefficient values are 3.08, 1.23, 1.91, and
0.96 (t-statistics = 15.84, 8.02, 14.45, 9.85), respectively. These findings are consistent
with previous empirical studies which have shown that management guidance is generally
conservative and that management looks to provide guidance in order to “beat and
raise” market growth expectations (Bartov, Givoly, and Hayn, 2002; Skinner and Sloan,
2002; Matsumoto, 2002). It is important to note two key takeaways here. First, the
unconditional revenue growth forecast errors of 3.08 in Column (1) for software companies
are over 60 percent larger in magnitude than those of 1.91 in Column (5) for non-software
companies. Second, the unconditional one-quarter-ahead management revenue growth
forecast errors of 308 basis points are larger than the corresponding analyst forecast
errors reported in Table 3 of 234 basis points. Management forecasts often include a
range of expected values. We next consider the upper bound of such guidance (i.e., the
most optimistic forecast) in Columns (3), (4), (7), and (8) of Table 6. In contrast to the
32



results discussed above, while the most optimistic guidance continues to underestimate
revenue growth for software firms by 158 basis points, there is zero effect for non-software
firms. Specifically, the coefficient estimates for Constant are 1.58 (t-statistic = 7.63) in
Column (3) and -0.00 (¢-statistic = -0.01) in Column (7).

While forecast errors are predictable for both sets of firms, as evidenced by the positive
and statistically significant F'E; coefficients in Columns (2), (4), (6), and (8) of 0.43,
0.43, 0.30, and 0.28 for software and non-software companies, respectively, the forecast
errors are approximately 40 percent larger in magnitude for software companies than
for non-software companies. In Figure 10, we plot the time series of one-quarter-ahead
management guidance forecast errors for both sets of firms. Other than around the time
of the sub-prime mortgage crisis in 2008, guidance errors are consistently positive for
software companies and are generally positive for non-software companies. Additionally,
the magnitude of error for software companies is consistently greater than that of non-
software companies. These findings, taken together with those from above, indicate that
management forecast errors are greater than those of analysts and that management
also systematically underestimates firm revenue growth rates, even when considering the

most optimistic upper bound of management forecasts.

4 Market participant expectations

4.1 Stock returns

In this section, we consider the implications of the foregoing results for stock return
predictability. We first focus on the immediate stock price reactions within minutes of
quarterly revenue announcements. We then look at the long-term price dynamics over

the course of the year following the same revenue announcements.

Immediate stock price reaction. We use high-frequency data to show the differential
price reaction to revenue announcements for software and non-software companies in
a narrow window around the time of revenue announcement. The high-frequency data

come from the NYSE Trade and Quote (TAQ) dataset, and we consider all stocks traded
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Table 6. Forecast errors in management guidance

Panel A: Quarterly frequency
Software companies Non-software companies

Mean forecast Upper bound Mean forecast Upper bound

@ 3 (¢ G) (6 (1 (¥

Constant 3.08 1.23 1.58  -0.22 1.91 0.96 -0.00  -0.86
[15.84] [8.02] [7.63] [-1.35] [14.45]  [9.85] [-0.01] [-9.51]

A Revenue; 10.13 9.26 9.24 7.81
[6.72] [6.15] [16.83] [13.77]

F'E, 0.43 0.43 0.30 0.28
[14.38] [12.73] [22.48] [20.58]

R? 0.28 0.27 0.19 0.15
nObs 3,945 3,945 3,945 3,945 17,225 17,225 17,225 17,225

Notes: This table presents linear regression results and t-statistics for the following equation:
FE[, = po+ p1ARevenue; + poAFE! 4 €441,

for software and non-software firms. Dependent variable F'E}}; denotes the quarter-ahead management
forecast error. ARevenue; is the prior-period revenue and F'Ef is the prior-period analyst forecast error.
Management guidance is often provided over a range of values, so we consider both the mean and upper
bound of forecast values, as labeled. t-statistics are presented in brackets. The table spans the period
January 2003 through February 2022.

in the New York Stock Exchange, American Stock Exchange, and Nasdaq National
Market System stock markets.

Each quarter, we sort firms into low, medium, and high tercile portfolios based on
quarter-t revenue announcement news. Figure 11 shows the cumulative stock price
response in the 20 minutes immediately preceding and the 100 minutes following rev-
enue announcement for the low and high terciles. While both sets of firms experience
mostly similar price reactions to positive news, pure-play software firms experience an
asymmetrically larger negative price response to negative revenue news. Software firms
(blue line) experience an approximately -4 percent price reaction in the ten minutes
following earnings announcement, about 2 percent more than the -2 percent price reaction
experienced by non-software firms (red line). Notably, the price reaction to bad news
continues to drift downward in the subsequent minutes, reaching values of around -6 and

-3 percent for software and non-software companies, respectively.
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Fig. 10. Mean management guidance forecast errors
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Notes: This figure reports the mean forecast errors associated with one-quarter-ahead management
guidance values for software and non-software firms, in percentages. The bands represent the range of
forecasts provided by management. Management guidance data are obtained from the I/B/E/S Detail
History File and span the period from January 2003 through February 2022.

Long-term stock price dynamics. We now look at long-term price dynamics by
focusing on returns over the year subsequent to revenue announcement. Because we
focus on longer time windows, we control for aggregate market movements by computing
CAPM-adjusted returns. As before, we stratify firm observations into terciles based on
time-t revenue surprises and compute mean CAPM-adjusted realized returns for a total
of four quarters following the time-t revenue announcement. Each quarter starts the

day of the t + h revenue announcement and ends one day before the following revenue
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Fig. 11. High-frequency stock price reaction to revenue announcements
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Notes: This figure shows the differential price reaction to revenue announcements for both software and
non-software firms, in percentages. We sort firms into terciles based on revenue announcement news in
quarter t. We show the average percent change in price in the 20 minutes before and the 100 minutes
following firm revenue announcement with 99% confidence intervals. We obtain NYSE Trade and Quote
(TAQ) intraday transaction data for all firms listed on the New York Stock Exchange, American Stock
Exchange, and Nasdaq National Market System stock markets and measure the percent change in price
over the noted window of time for the period spanning January 2003 through February 2022.

announcement date.

Table 7 presents our findings. Similar to the high-frequency results in Figure 11, we
see that the average quarterly abnormal return for software firms reporting low revenue
surprises is -4.34 percent, while the corresponding return for non-software firms is -3.14
percent. However, over the course of four quarters, the negative returns for software
firms turn positive and are 1.43 percent (t-statistic = 2.12) by the third quarter following
the time-t announcement and remain positive and high thereafter. In contrast, for
non-software firms, mean abnormal returns remain negative. Column (3) of Table 7
shows the quarterly mean abnormal returns for software companies with the highest
revenue surprises. The mean abnormal return is positive and high for the first and second
quarters, with values of 4.94 (t-statistic = 11.54) and 2.14 percent (¢-statistic = 5.13),
but are zero thereafter. Column (6) shows that mean abnormal returns for non-software
companies are positive for only the first quarter, with a value of 1.90 percent (¢-statistic
= 23.14), then decline monotonically for the next quarter, turning negative in the third
and fourth quarter.

Figure 12 shows these results graphically by plotting the cumulative returns over the
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Table 7. Predictability of quarterly CAPM-adjusted abnormal returns

Panel A: CAPM-adjusted returns

Software companies Non-software companies

Low Medium High Low Medium High

Horizon (1) (2) (3) (4) (5) (6)
1Q -4.34 0.19 4.94 -3.14 0.01 1.90
[-7.14] [0.60] [11.54] [-37.35] [0.07] [23.14]

2Q -0.38 0.51 2.14 -1.39 -0.18 0.15
[-0.60] [1.55] [5.13] [-16.36] [-2.68] [1.80]

3Q 1.43 1.17 0.19 -0.94 -0.18 -0.27
[2.12] [3.55] [0.46] [-10.75] [-2.64] [-3.35]

4Q 1.87 0.94 0.50 -0.78 -0.09 -0.44
[2.68] [2.87] [1.23] [-8.78] [-1.24] [-5.306]

Notes: This table presents individual quarter abnormal returns for portfolios sorted based on revenue
news for quarters h = 1,2,3,4. We sort firms into terciles based on revenue announcement news in
quarter t. To compute abnormal returns, we use the CAPM-factor model and a rolling 252-daily
estimation window (with a minimum data availability requirement of 126 days) to estimate market
betas. The return for each quarter is measured starting at time ¢ through the day before the subsequent
earnings announcement day at ¢ + h. Returns are presented as individual CAPM-adjusted abnormal
returns and the table spans the period from January 2003 through February 2022.

first four quarters following a revenue surprise. Results are presented for software and
non-software firms in the left and right panels, respectively. The pattern of cumulative
abnormal returns coincides with results in Table 7. The lowest tercile of software firms
experiences initially negative returns; by the third quarter, returns reverse and are
cumulatively positive. On the other hand, non-software firm returns exhibit a much
flatter price response in the quarters following earnings announcement and show no
correction. Table A8 and Figure A9 in the Appendix present robustness results using
four-factor-model adjusted returns.

The initial price dynamics documented—which may in part explain persistently
conservative management revenue growth guidance—relate to findings in Lakonishok
et al. (1994) and Skinner and Sloan (2002), who show that growth firms experience an
asymmetrically large negative price reaction to negative surprises. These papers argue
that the large price decline for growth firms indicates overly optimistic expectations,
resulting in subsequently negative returns when those expectations are not met. However,

one important difference in our findings is that the initial large negative price reaction for

37



Fig. 12. CAPM-adjusted return predictions based on revenue announcement news
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Notes: This figure shows unconditional abnormal ¢ + h-period-ahead returns for portfolios sorted based
on revenue news for quarters h = 1,2,3,4. We sort firms into terciles based on revenue announcement
news in quarter ¢t. Returns are presented as cumulative CAPM-adjusted abnormal returns and span the
period from January 2003 through February 2022.

software firms reverses within two quarters, suggesting that investors were too pessimistic
and ended up overreacting to revenue surprises. This result also differentiates our findings
from the large literature on post earnings announcement drift, as the price drift in our
findings persists for several quarters, likely due to the documented persistence in analyst
forecast errors, leading to strong return predictability that lasts for a year rather than a

single quarter.

4.2 Fvidence from informed traders

We now turn our attention towards short sellers in order to further understand the
extent to which important market participants systematically underestimate pure-play
software firm growth rates. While analysts surely are important channels of information
diffusion and market efficiency, they may lack the same financial incentives as short
sellers. Short sellers face various financial risks associated with their short positions
(Gargano, 2020; Engelberg, Reed, and Ringgenberg, 2018), and are therefore, within the
literature, widely considered to be some of the most informed traders. Various previous
studies have empirically shown that higher short interest (the quantity of shares shorted
as a fraction of total shares outstanding) signals overpricing and is a strong predictor
of future negative stock returns at various horizons, levels of aggregation, and across
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different countries (Boehmer, Jones, and Zhang, 2008; Rapach, Ringgenberg, and Zhou,
2016; Wang, Yan, and Zheng, 2020; Boehmer, Huszar, Wang, Zhang, and Zhang, 2022).
In the following paragraphs, we explore the ways in which short seller expectations for
software companies might differ from those of analysts, and, in particular, whether short
sellers are able to better predict pure-play software firm growth.

We first consider the level to which firm revenue growth and forecast errors predict

short interest, using the following regression equation:

Slijt 400 = @+ d - I s + (b4 € I o) ARevenue, + (¢ + [ - Lisw) - FE 4+ ¢ (3)

where st ;190 measures the average level of short interest in the 90 days following
revenue announcement. Column (1) of Table 8 presents regression results for the sample
of all firms and indicates that revenue growth, A Revenue;, and forecast errors, F'E,
are incorporated into short-sale decisions. Specifically, significant coefficient estimates
for b and ¢ of 0.003 and -0.005 show that high levels of revenue growth (forecast error)
positively (negatively) predict short interest. The results for b and ¢ are consistent
with investor expectations of revenue growth reversals and persistent forecast errors,
respectively.

In Column (2), we look to see whether there is a differential effect for our sample of
software firms by interacting the measures of revenue growth and forecast error with
an indicator variable, I; 5,. First, the coefficient estimate for d of 0.22 is positive but
insignificant. Turning to coefficients e and f, we see that both revenue growth and
forecast errors positively predict short interest. The estimate f is in contrast to the
findings for all firms above, given that prior-period forecast errors negatively predict
short interest. However, software-specific coefficient estimates—d, e, and f—are across
the board insignificant, based on t-statistic estimates of 1.19, 1.70, and 1.53, respectively.
This statistical insignificance suggests that short sellers do not treat software firms any
differently than all other firms.

We next consider the relation between short interest and future stock returns for
our portfolio of pure-play software firms. In Figure 13, we chart the abnormal returns

for twenty portfolios sorted based on firm-specific short interest. CRSP provides short
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Table 8. Short interest, revenue growth, and forecast errors

Coefficient Variable (1) (2)

a Constant 4.88 4.88
[79.31] [79.32]

b ARevenue, 0.003 0.003
[8.06] [7.82]

c FE, -0.005 -0.005
[-7.46] [-7.56]

d L s 0.22
[1.19]

e I; sy - ARevenue, 0.003
[1.70]

f L g - FE, 0.007
[1.53]

R? 0.16 0.17
nObs 233,057 233,057

Notes: This table presents regression results for the equation:
Stijt, 490 = @+ d - I g + (b+e- I sw) - ARevenues + (c+ f - Lisw) - FEL + €

where ¢ is the day of actual revenue announcement. Dependent variable si;; ;190 is the average short
interest over the 90 days following the day of actual announcement. Independent variables A Revenuey
and F'E; denote the quarterly revenue growth and quarterly forecast error, respectively. Column 1
presents results for all firms, while Column 2 includes software firm-specific results by interacting the
dependent variables, ARevenue; and F'E;, with an indicator for software firms, I; . t-statistics are
presented in brackets.

interest data for each firm every two weeks. Based on these data, we assign firms to bins
and calculate the average short interest for each portfolio. Additionally, we calculate
cumulative returns for each firm over the subsequent two weeks. The left panel of
Figure 13 charts market risk-adjusted abnormal returns for each software portfolio (blue)
and each non-software portfolio (red). The right panel presents the same information
using Fama-French three-factor plus momentum-adjusted returns.

Looking first at the non-software relation, we find similar results to those in empirical
studies cited above for both return measures: that is, we find that higher levels of short
interest predict increasingly negative returns, evidenced by the downward sloping red
line in both panels. Alternatively, for software firms, we do not find the same negative
association between short interest and returns. Rather, we find a mostly flat relation in

both panels, with positive returns across all levels of short interest.
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Fig. 13. Short interest and future abnormal returns
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Notes: This figure charts abnormal returns for portfolios ranked by short interest. We first sort firms
into 20 bins based on their relative degree of short interest, which is the quantity of shares shorted
expressed as a fraction of shares outstanding. We then compute both average short interest and two-week
cumulative returns for each of the 20 portfolios. The left panel uses CAPM-adjusted returns, while the
right panel uses four-factor adjusted returns (based on Fama-French three factors plus a momentum
factor). The blue circles denote results for pure-play software companies, while the red denote for
non-software companies. Both panels plot regression lines of best fit.

In conjunction with Figure 13, we provide regression-based results in Table 9, based

on the following pooled OLS regression equation:
rie‘t7t+h =a- [i,sw + b- [i,not sw T C* Ii,sw : Siit + d- [i,not sw * Siit + €t+h (4)

where Tt tn 18 the two-week cumulative abnormal return for stock i. Abnormal returns
are measured using the CAPM, Fama-French three-factor model (FF3), and FF3 plus
a momentum factor (FF3 + Mom). si; is a measure of short interest (the number of
shares shorted scaled by total shares outstanding). I; s,y and I; o s are dummy variables
indicating whether firm ¢ is a pure-play software company or not, respectively. Standard
errors are clustered at the firm-day level.

We again find results for non-software firms similar to those of previous empirical
studies: coefficient d is significant and negative for all return measures. Specifically,
for each return measure, coefficient d OLS estimates are -5.34, -4.24, -3.42, and -3.26
(t-statistic = -3.87, -4.43, -4.81, -4.51), respectively. On the other hand, we see that
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Table 9. Short interest and future abnormal returns

Adjusted return measures

Coefl. Variable Raw returns CAPM FF3 FF3 + Mom

a I s 90.10 13.73 10.41 4.40
3.35] [0.96] [0.90] [0.37]

b I not sw 140.76 -2.20 -2.41 -5.90
[5.66] [-0.21] [-0.31] [-0.77]

c I s - St -0.41 -1.25 -0.79 0.34
-0.24] [-0.89] [-0.63] [0.27]

d L not sw * Stit -5.34 -4.24 -3.42 -3.26
-3.87] [-4.43] [-4.81] [-4.51]

R? 0.03 0.03 0.02 0.02

nObs 2,431,141 2,338,356 2,338,291 2,338,321

Notes: This table presents regression results for the equation:
Tf‘t7t+h =a- Ii,s’w + b- [i,not swtC- Ii7sw . Siit + d- Ii,not sw * Siit + €t+h

where dependent variable rf‘ t.44p IDEASUTES the two-week cumulative abnormal return for stock i. We
present raw returns and risk-adjusted returns based on the CAPM, Fama-French three-factor model
(FF3), and FF3 plus a momentum factor (FF3 4+ Mom), in Columns 2 through 4, respectively. si;:
measures the level of short interest and is the number of shares shorted scaled by total shares outstanding.
I; sw and I; pot s are dummy variables indicating whether firm 7 is a pure-play software company or
not, respectively. The short interest variable is expressed as a percentage and the returns as basis points.
Standard errors are clustered at the firm-day level and ¢-statistics are presented in brackets.

estimates for coefficient ¢ are insignificant across all specifications, indicating that short
interest is not a significant predictor of pure-play software firm returns. Taken together
with Figure 13, these results suggest that, while short sellers may be some of the most
sophisticated traders in the market, their expectations of software firm overpricing are
on average inaccurate. In fact, due to short interest borrowing costs, it is likely that

short sellers are in fact losing money based on software firm short positions.

5 Conclusion

In this study, we examine and document how market participants evaluate and price pure-
play software companies. We highlight the growing importance of software companies
in the financial markets and illustrate the effects of their unprecedented scalability
and growth. We document that over the past three decades, software companies have

outperformed their non-software counterparts by more than 13 times and that classical

42



asset pricing models cannot fully explain this outperformance. The results indicate
that both management and analysts systematically underestimate the annual growth
rates of software companies by over a third and that management forecast errors are
greater than those of analysts. Moreover, we document a large asymmetric software
company price effect for negative and positive revenue surprises. Specifically, there is a
strong overreaction to negative news followed by a reversal in the subsequent quarters,
and an underreaction to positive news followed by a significant downward drift over
the following year. Accordingly, the identified growth forecast errors appear to be
largely responsible for the documented outperformance of software companies. The
findings provide evidence that market participants, even those perceived to be the most
sophisticated, struggle to appreciate the nuances of these digital firms and the metrics
that describe them. Taken together and most importantly, the study illustrates over
the past several decades that both the overall value and disruption of software to the

economy has been under-appreciated,
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Appendix

Table Al. Traditional v. software business model case study

Traditional model (e.g., Nike)

Software model (e.g., Salesforce)

Nike sells customer a pair of trainers for
$120

Salesforce sells customer a monthly soft-
ware subscription for $10/month

It costs Nike $60 to make the shoe (materi-
als, freight, insurance, duty, merchandiser
fees, etc.)

It costs Salesforce $2 to produce and dis-
tribute an additional software subscription
unit

The following year, the customer may or
may not buy trainers again, or may pur-
chase a different brand

Salesforce has a net dollar retention rate
(NDR) of approximately 115 percent,
meaning that each customer on average
will contribute $11.50 per month over the
next year towards revenue

Nike grows revenues at 7 percent year-over-
year. Within 5 years, revenues will be 40
percent higher

Salesforce grows revenues at 30 percent
year-over-year. Within 5 years, revenues
will have almost quadrupled

With 80 percent gross margins, software
companies are able to sacrifice short-term
profitability for long-term growth (through
higher sales and marketing and research
and development costs)

Notes: This table presents a comparison of traditional (Nike) and software-based business (Salesforce)
models. While not exact, the numbers used are representative of the respective firms’ sales and cost
structures.
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Fig. A1l. Number of pure-play software firms
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Notes: This figure shows the total number of firms per year in our sample. The figure spans the period

1990-2022.
Fig. A2. Proportion of total market capitalization
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Notes: This figure shows the relative proportion of total market capitalization for each Fama-French
industry classification and our portfolio of software firms from 1990 through 2022.
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Fig. A3. Cumulative gains and drawdowns
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Notes: The left panel plots value-weighted cumulative monthly gains for software firms (blue line),
non-software firms (red line), and the total market portfolio (dotted red line). The right panel depicts
the drawdowns associated with each strategy and for the market. The sample spans from January 1990
through February 2022.
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Table A3. Where are they located in FF49 industries?

Industry Name Number of firms Percent
Computer Software 652 77.71
Business Services 37 4.41
Electronic Equipment 25 2.98
Computers 25 2.98
Almost Nothing 18 2.15
Trading 13 1.55
Wholesale 13 1.55
Communication 8 0.95
Measuring and Control Equipment 8 0.95
Personal Services 6 0.72
Machinery 4 0.48
Banking 4 0.48
Printing and Publishing 4 0.48
Retail 3 0.36
Healthcare 3 0.36
Insurance 2 0.24
Chemicals 2 0.24
Pharmaceutical Products 2 0.24
Real Estate 2 0.24
Entertainment 2 0.24
Electrical Equipment 1 0.12
Automobiles and Trucks 1 0.12
Recreation 1 0.12
Steel Works 1 0.12
Business Supplies 1 0.12
Construction Materials 1 0.12

Notes: This table presents the number and proportion of software firms in each of the Fama-French
industry portfolios. The period spans from January 1990 through February 2022.
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Table A4. Performance evaluation: sub-sample analysis

Panel A: Jan. 1990 to Dec. 2002
Software companies  Non-software companies

Portfolio weights Equal Value Equal Value
(1) (2) (3) (4)
Mean excess returns 19.85 14.86 8.77 5.22
Std. dev. returns 37.07 33.67 18.60 14.82
Sharpe ratio 49.62 23.28 31.76 -1.64
Mean max. drawdowns 15.09 13.45 6.07 6.05
Skewness 0.27 -0.01 -0.09 -0.69

Panel B: Jan. 2003 to Feb. 2022
Software companies ~ Non-software companies

Portfolio weights Equal Value Equal Value
(1) (2) (3) (4)
Mean excess returns 19.90 14.63 11.40 9.97
Std. dev. returns 21.77 17.85 18.91 14.88
Sharpe ratio 25.44 12.52 -17.26 -8.02
Mean max. drawdowns 6.18 5.71 7.15 5.89
Skewness -0.00 -0.23 -0.38 -0.72

Notes: This table presents performance evaluation measures for software and non-software portfolios for
two sub-periods: January 1990 through December 2002 (Panel A) and January 2003 through February
2022 (Panel B). Returns are presented for both equal- and value-weighted portfolios. Mean excess
returns are calculated using returns in excess of risk-free rates obtained from French’s website. Sharpe
ratios are presented as percentages and are calculated relative to the total market return. The table
spans the period from January 1990 through February 2022.
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Table A5. Alphas: sub-sample analysis

Panel A: Jan. 1990 to Dec. 2002
Software companies ~ Non-software companies

Portfolio weights Equal Value Equal Value
(1) (2) (3) (4)
Market 12.03 3.26 5.65 0.25
[2.10] [3.31] [1.27] [-0.34]
FF3 16.21 14.24 1.60 -0.68
[3.51] [4.60] [0.93] [-1.69]
FF3 + Mom 21.03 13.91 5.27 -0.30
[4.36] [3.99] [2.88] [-0.60]
FF3 + Mom + CF(4) 23.99 16.59 6.55 -0.62
[4.19] [5.43] [2.59] [-1.53]
Panel B: Jan. 2003 to Feb. 2022
Market 4.83 4.36 -2.49 -0.99
[3.97] [2.55] [-1.47] [-1.71]
FF3 4.62 291 -1.12 -0.84
[5.97] [2.65] [-1.35] [-1.84]
FF3 + Mom 4.78 2.75 -0.56 -0.79
[5.96] [2.58] [-0.68] [-1.79]
FF3 + Mom + CF(4) 7.30 3.01 0.92 -0.71
[9.25] [1.99] [1.65] [-1.56]

Notes: This table presents presents portfolio alphas based on the market factor, Fama-French three-
factors (FF3), Moskowitz et al. (2012) momentum factor (Mom), and four cash-flow factors (CF(4))
for the sub-sample periods January 1990 through December 2002 (Panel A) and January 2003 through
February 2022 (Panel B). These cash-flow factors capture earnings persistence (Francis et al., 2004),
sales growth (Lakonishok et al., 1994), profit margins (Soliman, 2008), and change in gross margin minus
change in sales (Abarbanell and Bushee, 1998). t-statistics are reported in brackets.
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Table A7. Summary statistics for software industry performance variables

Mean Std. Dev. 1% 5% 25% 50% 75% 95% 99%

NetRet 118.5 13.1 90.0 98.0 110.0 119.0 126.0 137.0 168.0
RevenueGrowth 6.6 21.5 -34.3 -23.5 -5.5 5.0 142 445 74.0
ARPO 8.6 30.8 -39.3 -245 -06 0.0 135 61.7 116.8
GrossMargin 71.4 10.6 43.0 50.0 66.0 73.0 780 86.0 91.0
FCFMargin 7.0 23.0 -52.6 -31.0 -58 7.0 20.8 41.0 59.6

Notes: This table presents summary statistics for main software industry performance measure variables
for the period from January 2018 through February 2022. ANetRet is the percentage increase in revenues
derived from existing customers. RevenueGrowth is the quarter-over-quarter percentage growth in

revenue. ARPO is quarter-over-quarter remaining performance obligation growth. GrossMargin and
FCFMargin are as traditionally defined.
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Table A8. Predictability of cumulative abnormal returns: revenue news

Panel A: CAPM-adjusted cumulative returns

Software companies Non-software companies

Low Medium High Low Medium High
Horizon (1) (2) (3) (4) (5) (6)
0Q to 1Q -4.34 0.19 4.94 -3.14 0.01 1.90

[7.14] [0.60] [11.54] [-37.35] (0.07]  [23.14]
0Q to 2Q -2.79 1.42 8.74 -2.89 0.84 3.41

[2.71]  [2.70]  [11.74] [-20.83] [7.34]  [24.38]
0Q to 3Q  0.00 3.36 10.77 -2.54 1.21 4.10

0.00]  [5.04] [10.88] -13.92] [8.21]  [22.15]
0Q to 4Q 3.17 5.49 14.65 -1.41 2.07 5.14

[1.94]  [6.54] [11.68] [-6.06] [11.17]  [22.24]
Panel B: Four-factor adjusted cumulative returns

Software companies Non-software companies

Low Medium High Low Medium  High
Horizon (1) (2) (3) (4) (5) (6)
0Q to 1Q -4.56 -0.16 4.54 -3.17 0.18 1.63

[-7.91] [-0.50] [11.20] [-39.93] [2.70]  [20.68]
0Q to 2Q -2.78 0.70 7.72 -3.08 1.17 2.95

[-2.71]  [1.42] [11.29] [-23.73] [10.71] [22.23]
0Q to 3Q -0.92 1.97 9.27 -3.08 1.64 3.55

[-0.75]  [3.08]  [10.28] [-18.46] [11.82]  [20.53]
0Q to 4Q 2.34 3.99 12.45 -2.24 2.55 4.64

[1.84]  [4.45]  [10.66] [-10.70] [14.73]  [21.25]

Notes: This table presents cumulative quarter abnormal returns for portfolios sorted based on revenue
news for quarters h = 1,2,3,4. We sort firms into terciles based on revenue announcement news in
quarter ¢t. To compute abnormal returns, we use a CAPM-factor model (Panel A) and a Fama-French
three-factor and momentum factor-based model (Panel B) and a rolling 252-daily estimation window
(with a minimum data availability requirement of 126 days) to estimate factor betas. The return for each
quarter is measured starting at time ¢ through the day before the subsequent earnings announcement
date at t + h. Returns are presented as cumulative factor-adjusted abnormal returns and the table spans
the period from January 2003 through February 2022.
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Table A9. Predictability of quarterly four-factor abnormal returns

Panel A: Four-factor adjusted returns

Software companies Non-software companies
Low Medium High Low  Medium High
Horizon (1) (2) (3) (4) (5) (6)
1Q -4.56 -0.16 4.54 -3.17 0.18 1.63
[-7.91] [-0.50] [11.20]  [-39.93] [2.70] [20.68]
2Q -0.56 0.31 1.85 -1.45 0.03 0.01
[-0.93]  [0.98] [4.63] [-18.03]  [0.39] [0.14]
3Q 1.39 0.67 0.19 -1.12 -0.04 -0.21
[2.15]  [2.15] [0.48]  [-13.54] [-0.58] [-2.65]
4Q 1.99 0.53 0.38 -0.86 0.03 -0.45
[2.95]  [1.70] [0.97] [-10.33] [0.49]  [-5.69]

Notes: This table presents individual quarter abnormal returns for portfolios sorted based on revenue
news for quarters h = 1,2,3,4. We sort firms into terciles based on revenue announcement news in
quarter t. To compute abnormal returns, we use a Fama-French three-factor and momentum factor
based model and a rolling 252-daily estimation window (with a minimum data availability requirement
of 126 days) to estimate factor betas. The return for each quarter is measured starting at time ¢ through
the day before the subsequent earnings announcement day at ¢ + h. Returns are presented as individual
factor-adjusted abnormal returns and span the period from January 2003 through February 2022.
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Fig. A4. Timeline of Analyst Quarterly Revenue Forecast Errors

Analysts Issue

Quarterly
Forecasts e E[Al] E[AQ] E[A3] E[AA
I | | | | >
| | | |
A, A, A, A, A,
FE = (1+g,) — (14 g.) = (A1 — Ao)/ Ao — (E[A1] — Ao)/ Ao
Cumulative >

Forecast FE,=(1+ go,1> * (14 90,2> -1+ Jo.1) * (1+ Go,2)

Errors 3

FE5:(1+90’1>**(1—|—go73)—(1—|—§071)**(14—5]0’3)

S
7

FE, =14+go1)*...%(14+goa) — (1 +Ggo1)*...%x(1+ Goa)

Notes: This figure shows the timing of quarterly analyst revenue forecasts and details the process for
the calculation of conditional cumulative forecast errors presented in Figure 5. The forecast errors in
Figure 5 are calculated by the following process:

1.

Analysts observe firm quarterly revenue realizations at time Ay and forecast future revenues
for each of the following four quarters (E[A;], E[Az],...). We use the consensus forecast of all
analysts’ forecasts made during the 15-day period following quarter-end, represented by the red
shaded region above.

At the following quarter-end, realized firm revenues are observed (A4;), and the quarter-over-
quarter growth rate for both realized revenue, go 1, and analyst forecasts, go 1, is calculated. The
analyst forecast error, F'Ey 1, is the realized growth in excess of the forecast amount.

In the following quarter, ¢ = 2, the same revenue growth calculations are made for the realized
and forecast revenue growth from ¢t = 0 to t = 2, go 2 and o2 respectively. The cumulative
forecast error is calculated as the difference between the product of the realized gross growth
rates and the product of the analyst forecast gross growth rates.

This process is repeated at each subsequent quarter, t = 3 and ¢ = 4, and the cumulative forecast
error in each quarter is the difference between the cumulative realized gross growth rates and
gross forecast growth rates.

The calculated conditional forecast errors, F'Eq, F'Es, ..., correspond to the dots in Figure 5 for
each quarter spanning the period 2003Q1 through 2022Q1.
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Fig. A5. Four-factor-adjusted return predictions based on revenue announcement news
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Notes: This figure shows unconditional abnormal ¢ + h-period-ahead returns for portfolios sorted based
on revenue news for quarters h = 1,2,3,4. We sort firms into terciles based on revenue announcement
news in quarter t. Returns are presented as cumulative Fama-French three-factor plus momentum factor
adjusted abnormal returns and span the period from January 2003 through February 2022.
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